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ABSTRACT 

Some major defense acquisition programs (MDAPs) are cancelled while others are not. 

The research evaluates earned value (EV) data reported by 12 cancelled MDAPs and 

compares it to the EV data reported by 12 MDAPs that had significant cost overruns yet 

were not cancelled (referred to as troubled programs). The study investigates whether 

there are differences in the key EV metrics reported for cancelled programs and troubled 

but not cancelled programs and seeks to develop a model that captures the probability of 

cancellation based on EV information. The thesis hypothesizes that cancelled programs 

would have more unfavorable cumulative cost and schedule variances, greater cost 

growth in the estimate at completion (EAC), and more disparity between the contractor 

and program manager cost estimates. Mann-Whitney tests were used to identify 

significant differences in EV metrics between the two groups and a probit model was 

used to further explore the relationship between EV information and the probability of 

program cancellation. The Mann Whitney and probit results, viewed together, suggest 

that early cost growth in a program may be an indicator of program cancellation. The 

thesis also suggests ways to improve EAC using probabilistic methods, including 

quantifying the level of cost risk associated with the EAC. 
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EXECUTIVE SUMMARY 

 PURPOSE  

Some major defense acquisition programs (MDAPs) are cancelled while others 

are not. This thesis did not challenge the rationale behind MDAP cancellation; rather it 

sought to support the Under Secretary of Defense for Acquisition Technology and 

Logistics’ (USD (AT&L)) directive to improve the effectiveness of earned value 

management (EVM) by providing additional insight into the relationship between 

unfavorable cost and schedule EVM variables and program cancellation. The primary 

objectives of this thesis were two-fold: (1) to investigate whether there were differences 

in the key earned value metrics of cancelled and troubled non-cancelled programs, 

including the effect that resetting variances may have on program survival, and (2) to 

develop a model that captures the probability of cancellation based on earned value 

information. The thesis also suggested ways to improve earned value cost estimation and 

reporting using probabilistic methods, including quantifying the level of cost risk 

associated with EV cost estimates. The primary benefit of this research is to provide 

Systems Engineers, Program Managers, and Department of Defense executives with 

additional insight into the relationship between unfavorable earned value metrics and 

program cancellation to improve decision making.   

 METHODOLOGY  

This study looked at earned value data reported by 12 MDAPs that were 

eventually cancelled and compared it to the earned value data reported by 12 major 

acquisition programs that had significant cost overruns yet were not cancelled (referred to 

as troubled programs). The research investigated whether there were differences in the 

key earned value metrics reported for cancelled programs and troubled but not cancelled 

programs and sought to develop a model that captured the probability of cancellation 

based on earned value information. The thesis hypothesized that cancelled programs 

would have more unfavorable cost and schedule variances, greater cost growth in the 

estimate at completion (EAC), and more disparity between the contractor and program 



 xviii 

manager cost estimates. Mann-Whitney tests were used to identify significant differences 

in earned value metrics between the two groups, and a probit model was used to further 

explore the relationship between earned value information and the probability of program 

cancellation.   

 RESULTS 

The data analyzed indicates that of the troubled programs sampled, cancelled 

programs do not have lower or more unfavorable cost or schedule variance percentages 

than non-cancelled programs. However, the Mann Whitney test results show that of the 

sampled programs, the cancelled programs have higher total cost growth over the life of 

the contract based on contractor EAC and program manager EAC. Probit modeling 

confirms that the significant variables are cumulative cost growth at 25% completion for 

both program manager and contractor EAC. Viewed together, the results suggest that 

there is reasonably strong evidence that early cost growth in a program is an indicator of 

program cancellation. Furthermore, a probit model (Figure i) was developed that captures 

the probability of cancellation based on earned value cost growth information.  



 xix 

 
Figure i.      Probit model using program manager cost growth at the 25% contract 

completion point.  

Figure i depicts an S-curve that can be used to forecast the likelihood of program 

cancellation based on cost growth at the 25% contract completion point. For example, for 

cost growth greater than approximately 20%, the probability of cancellation is greater 

than 50%. This point is called the point of equal opportunity and is meaningful to 

program managers, systems engineers, and decision makers because it is the cost growth 

threshold where a program is more likely to be cancelled than not cancelled.   

 CONCLUSIONS AND RECOMMENDATIONS 

The recommendations provided by this research are, (1) focused on the strongest 

finding of this report that cost growth in terms of EAC is an indicator of program 

cancellation, and (2) predicated upon the notion that probabilistic estimates that contain 

cost overrun risk information offer higher quality information and are more useful to 

decision makers (U.S. Government Accountability Office 2009). The three 

recommendations are: 



 xx 

1. Include more uncertainty information in the annual Comprehensive 
Estimate at Completion in the SAR reporting of MDAPs to Congress. The 
benefit of this additional information is that Congress would have a range 
of probabilistically determined EACs with associated levels of overrun 
risk to make cost growth assessments within programs and comparisons 
between programs.   

2. Consider implementing a probabilistic approach to calculating estimates 
using existing earned value data throughout the life of the contract. This 
approach offers systems engineers and program managers additional 
insight into cost trends and overrun risk by providing monthly estimate 
and risk of overrun information with little additional effort required to 
construct the model.  

3. Consider using probit modeling to better understand the impacts of early 
cost overruns on the likelihood of program cancellation.   

The DoD has established Performance Assessments and Root Cause Analyses (PARCA) 

under USD (AT&L) to improve the effectiveness of EVM systems and to ensure that 

reliable, accurate, and timely EV data is transformed into realistic information that is 

useful to decision makers (Under Secretary of Defense for Acquisition, Technology and 

Logistics 2011). The above recommendations can help PARCA in their endeavor to 

achieve these improvements. All three of these recommendations improve the quality and 

realism of EV information presented to systems engineers, program managers, DoD 

officials and Congress and afford better management, budgeting, and cancellation 

decision making from a cost growth perspective.   

 

  



 xxi 

ACKNOWLEDGMENTS 

I must first express my sincere appreciation to my advisor and teacher, Dr. Diana 

Angelis. Her sound guidance, keen intelligence, and boundless energy were essential in 

helping me to navigate my way through uncharted territory. I’d also like to thank my 

other thesis committee members. Dr. Laura Armey’s superb direction and novel 

approaches to solving problems were helpful when I got mired. Dr. Eugene Paulo was a 

terrific sounding board for ideas and shed light on interesting ways to see the problem 

and possible solutions. Thank you all.  

I would also like to thank my fellow student, LCDR Ty Biggs. Working on thesis 

topics in similar areas allowed us to brainstorm different approaches and we proved that 

two minds are certainly three times as effective.  

Finally, I would like to thank my family. To my son, Sidney, thanks for taking me 

to the park to play tee-ball and to feed the fish. At two years old, you created the balance 

that made this all possible. To Sofia, you came along at the end, but seeing you smile was 

always the highlight of my day. To my wife, Bridget, words cannot express what your 

love and support have meant to me. Thank you for your forbearance throughout this 

entire process. I am reminded everyday that you are the best decision I have made in my 

life. Thanks for picking me too. I love you all.  



 xxii 

THIS PAGE INTENTIONALLY LEFT BLANK 

 



 1 

I. INTRODUCTION 

A. OVERVIEW 

Twelve major defense acquisition programs (MDAPs) have been terminated since 

2001 prior to fielding any operational systems (Harrison 2011). Former Secretary of 

Defense Robert Gates, in his April 2009 Defense Budget Recommendation Statement, 

stated that “the DoD must consistently demonstrate the commitment and leadership to 

stop programs that significantly exceed their budget or which spend limited tax dollars to 

buy more capability than the nation needs” (Gates 2009). He explains that numerous 

factors went into his cancellation recommendations, specifically cost overruns, schedule 

delays, and reprioritization of the capabilities to meet national interests. Similarly, when 

DoD Secretary Richard Cheney cancelled the Navy’s A-12 program in January of 1991 

he complained that no one could tell him how much it was going to cost. The more 

troubling fact was that there were numerous cost estimates that differed significantly and 

program managers were choosing to report only the most optimistic ones (Beach 1990).   

In these austere economic times of increasing competition over scarce resources 

(the defense budget is expected to decrease over 20 percent, or roughly a trillion dollars, 

over the next 10 years [Adams 2013]), program managers face increasing pressure to 

achieve technical performance goals within established cost and schedule objectives. 

Programs reporting cost overruns, schedule delays and increasing or uncertain final total 

costs will be subject to more intense scrutiny and could increase their risk of termination.  

This thesis focuses on Earned Value Management (EVM) and its role in assisting 

Systems Engineers (SEs), Program Managers (PMs), and Department of Defense (DoD) 

executives in evaluating the performance of MDAPs.   

B. BACKGROUND 

Earned Value Management is a widely accepted industry best practice that is used 

commercially and in the DoD to manage programs. It is an integrated management 

approach that uses schedule, cost, and scope of work goals and measures progress 

towards achievement of these goals (Performance Assessments and Root Cause Analyses 
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2013). EVM is a DoD Systems Engineering (SE) technical management process and an 

essential tool for proactive decision making (Defense Acquisition University 2012b). It 

provides systems engineers and Program Management Offices (PMOs) with information 

to manage the technical development of a system and to measure progress against an 

established baseline. EVM is required for all MDAPs. MDAPs are programs designated 

by the Under Secretary of Defense (Acquisition, Technology, and Logistics) (USD 

(AT&L)) as having an estimated eventual total expenditure for Research, Development, 

Test and Evaluation (RDT&E) of more than $365 million in FY 2000 constant dollars or, 

for procurement, of more than $2.19 billion in FY 2000 constant dollars (Defense 

Acquisition University 2012b). DoD has deemed Earned Value (EV) information critical 

to a program’s success. USD (AT&L), the chief weapons buyer for the DoD, recently 

stated that, “EVM is one of DoD’s and industry’s most powerful program management 

tools” (Under Secretary of Defense for Acquisition, Technology and Logistics 2011).   

Decision makers use EV information to evaluate programs’ performance and to 

make critical decisions that align shrinking defense budget dollars to national security 

priorities. EV information is used as a measure of program progress and performance by 

Congress, the Government Accountability Office (GAO), DoD executive level decision 

makers including Program Executive Offices (PEO), Component Acquisition Executives 

(CAE), Defense Acquisition Executives (DAE), and USD (AT&L). The Weapons 

Systems Acquisition Reform Act of 2009 (WSARA), Public law 111-23, acknowledged 

the need for improvements to EVM and established the Office of the Secretary of 

Defense (OSD) Performance Assessments and Root Cause Analyses (PARCA) to provide 

additional EVM oversight and reporting on MDAPs (U.S. Congress 2009). Interestingly, 

this law also mandates the use of confidence level reporting for MDAP baseline estimates 

and annual updates, but not for earned value cost estimates.   

In a recent DoD memorandum entitled “Earned Value Management Systems 

Performance, Oversight, and Governance,” USD (AT&L) provides direction to improve 

the effectiveness of EV across the DoD. Specifically, he reemphasizes that EVM must be 

applied in a disciplined manner and that the data provided by EVM must be accurate, 
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reliable and timely (Under Secretary of Defense for Acquisition, Technology and 

Logistics 2011).   

C. PURPOSE  

This thesis does not challenge the rationale to cancel the 12 MDAPs; rather it 

seeks to support USD (AT&L’s) directive to improve the effectiveness of EVM by 

providing additional insight and perspective into the relationship between unfavorable 

cost and schedule earned value variables and program cancellation.   

1. Research Objectives 

The primary objectives of this thesis are two-fold: (1) to investigate whether there 

are differences in the key earned value metrics of cancelled and troubled non-cancelled 

programs, including the effect that resetting variances may have on program survival, and 

(2) to develop a model that captures the probability of cancellation based on earned value 

information. Based on these objectives the thesis looks at the following research 

questions: 

• Are there statistically significant differences between cost growth, PM and 
Contractor cost estimation discrepancies, cost variance, and schedule 
variance in cancelled and troubled non-cancelled programs?   

• Can a model be developed that predicts the likelihood of cancellation 
based on available EV data? 

• Does resetting cost and schedule variance affect whether a program is 
cancelled?  

This thesis hypothesizes that cancelled programs would have more unfavorable 

cost and schedule variances, greater cost growth in the estimate, and more disparity in 

estimates between the contractor and program manager cost estimates. Additionally, this 

thesis hypothesizes that non-cancelled programs re-set their variances more often than 

their cancelled counterparts.  

2. Scope and Limitations 

Figure 1 presents the high level view of the complicated Defense Acquisition 

environment with its major stakeholders—the user, industry, the executive branch, 
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Congress, and Program Manager—along with the product and services provided by the 

respective stakeholder (the direction of the arrow indicates the stakeholder providing the 

product or service).    

 
Figure 1.  High-level view of defense acquisition environment (from Fast 2013). 

The acquisition environment possesses many significant, diverse, and often 

competing interests, each of which could have a positive or negative effect on a 

program’s success. This thesis focuses on investigating the earned value information that 

is supplied to Congress in their oversight role and DoD decision makers via official 

reports. The two domains circled in red in Figure 1 define the boundaries of this research. 

This thesis does not intend to determine causation; rather it investigates whether there is 

an association between unfavorable EV metrics and program cancellation. 

Due to time constraints and restrictions on access to contractor data, this study is 

limited to the MDAPs cancelled since 2001 and programs that could be described as 

“troubled” but not cancelled in the same period of time. MDAPs were chosen because 

they are statutorily required to report EV data. This fact instilled confidence that 
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sufficient data would be available for analysis. This thesis uses the EV data reported in 

the Defense Acquisition Executive Summaries (DAES) on the government’s Defense 

Acquisition Management Information Retrieval (DAMIR) website. The DAES database 

contains the Contract Performance Report (CPR) data for all MDAPs. 

This study focuses on unclassified MDAPs in the development phase of the 

Defense Acquisition Management framework. Figure 2 shows the evolution of the 

Defense Acquisition System from 1996 to the present and highlights the development 

phase (outlined in black). Note that the development phase is now called the Engineering 

& Manufacturing Development (EMD) phase, but from 2003 to 2008 it was referred to as 

the System Development & Demonstration (SDD) phase.    

 
Figure 2.  Comparison of Defense Acquisition Management Frameworks from 1993 to 

the present (from Fast 2013). 
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The comparison group of “troubled” programs was chosen using the following 

criteria. First, only contracts in the developmental phase (between Milestone B and C or 

between Milestone II and III of Figure 2) were considered. All of the cancelled programs 

were in this phase so it made sense to choose non-cancelled programs from this phase 

also. Second, only the largest EMD or SDD contract listed for each program in the DAES 

was used. All MDAPs have multiple contracts for each phase of weapons systems 

development to handle different components and functions of systems acquisition. To 

maintain consistency between the samples, the largest EMD/SDD phase contract was 

used for each program. Third, the program had to be “troubled.”  Troubled programs 

were defined as those who have reported successive cumulative unfavorable cost or 

schedule variances worse than 10%. Amplifying information on program selection is 

presented in Chapter III.   

3. Expected Benefit  

EV information can be used to evaluate program performance and to make 

comparisons between multiple programs’ performance. The primary benefit of this 

research is to provide SEs, PMs, and DoD executives with additional insight into the 

relationship between unfavorable earned value metrics and program cancellation to 

improve decision making. Moreover, this research attempts to develop a model for 

forecasting the likelihood of cancellation based on existing EV metrics. This model will 

be helpful as a tool to help managers and decision makers better understand the possible 

effect unfavorable performance measures are having on the likelihood of program 

cancellation.  

D. LITERATURE REVIEW  

Numerous studies have been conducted that investigate why MDAPs fail. Most of 

the studies that were reviewed point to cost overruns as the primary cause and then 

evaluate the root causes of those overruns. The most cited reasons include: (1) 

excessively low initial cost estimates (U.S. Government Accountability Office 2009 and 

Sipple, White, and Greiner 2004), (2) expectation of cost overrun sharing causing firms 

to bid below cost estimate (Chen and Smith 2001), (3) excessively low cost overrun 
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estimates (Christensen 1994), 4) technological immaturity (Dubos, Saleh, and Braun, 

2007 and Tyson, Harmon, and Utech 1994), 5) unstable requirements (Augustine 1997), 

and 6) overly optimistic schedules (Berteau et al. 2011 and Augustine 1997). A 2008 

GAO report on program cancellation found that of the 78 programs evaluated, only 11 of 

them were on schedule, on cost, and meeting technical performance requirements 

(Charette 2008).  

Charette (2008) astutely points out that defense acquisitions problems have 

existed for decades; what has changed is the economic scope. To put the scope of defense 

spending in context, the DoD’s 2012 portfolio of 86 MDAPs has a total estimated cost of 

$1.6 trillion (U.S. Government Accountability Office 2013); the DoD spends roughly $21 

million an hour to acquire weapons systems. The cost overruns of the cancelled programs 

in this thesis alone total nearly $50 billion in “then year” costs while failing to field any 

of the systems. Clearly, cost and schedule overruns are an issue in the DoD. Berteau, et 

al. (2011) investigated the root cause of cost and schedule overruns and found that 

inaccurate cost estimates are associated with 40% of the accumulated cost overruns. In 

his thesis, Eric McKsymick (1995) found that the cost overruns in the cancelled A-12 

program were excessive when compared to other programs. These findings sparked this 

thesis’ fundamental research question: are there unfavorable earned value characteristics 

that distinguish cancelled programs from troubled non-cancelled programs?  This is the 

fundamental question this research attempts to answer.  

In addition to the numerous statutes, federal regulations, policies, and directives 

(additional detail for these is presented in Chapter II) requiring use of EVM in MDAPs, 

there is a great body of literature that advocates the use of EVM as a tool to help program 

managers, systems engineers, and decision makers monitor early signs of cost growth and 

take corrective actions as necessary (see for example Kerzner 2009 and Webb 2003). 

Abba (1997) makes it clear that the U.S. government and countries across the world have 

validated EVM as a highly effective program management tool.   

There are numerous studies that discuss ways to improve EVM performance 

metrics. Langford and Franck (2009) acknowledge EVM as a useful tool to monitor 

defense acquisition and propose applying gap analysis and value analysis to make EV 
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equations more realistic. The GAO (U.S. Government Accountability Office 2009) and 

Garvey (2000) both conclude that since costs are uncertain, estimating costs at 

completion as point estimates alone is insufficient for good decision making. They 

recommend quantitative and risk uncertainty analysis as a way to assess the variability in 

an estimate. This provides a level of certainty (and corresponding risk) with the estimate 

so that decision makers can better evaluate the estimate and informs them on cost, 

schedule, and technical risks (U.S. Government Accountability Office 2009).   

Christensen has done extensive research analyzing EVM. He acknowledges that 

EV provides program managers and contractors valuable insight into the cost and 

schedule status of the project and has concluded through multiple studies that, (1) the 

estimate at completion (EAC) is one of the most critical values reported to PMs and that 

deficiencies in calculating and reporting EAC can adversely affect Congressional 

resourcing decisions and result in funding shortfalls (Christensen 1999), (2) of the 

numerous methods for determining EAC (both point estimates and regression models) 

some methods are more accurate at different completion points of the contract but no one 

method is always superior (Christensen 1993), and (3) methods for evaluating the 

reasonableness of the contractor’s estimated cost at completion using EV data reported in 

monthly Contract Performance Reports should be used (Christensen 1999). While 

Christensen’s analyses are very informative, these remain evaluations of deterministic 

point estimates. To reiterate, the GAO and Garvey have both highlighted the problem 

with basing decisions on point estimates alone because they do not provide a decision 

maker with any level of certainty information other than the estimate is the most likely 

(U.S. Government Accountability Office 2009 and Garvey 2000). They both advocate the 

use of cost uncertainty analysis as a way of introducing levels of certainty to estimates.    

Ricardo Vargas (2009) suggests a cost uncertainty approach to determine EACs. 

He utilizes the three EAC point estimates (best case, worst case, and most likely case) for 

each Work Breakdown Structure (WBS) element in a triangular distribution, runs a 

Monte Carlo simulation and sums the element EAC results to estimate the programs’ 

total EAC. This provides decision makers probabilistic EACs with associated levels of 

risk of overrun. This granularity of the EAC offers decision makers more insight into the 
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final cost of the program and offers greater utility in program assessment during annual 

budget decisions. More details about this method are provided in Chapter II.   

Extensive research and experience have convinced both Congress and USD 

(AT&L) to conclude that EVM is a highly effective program management tool (U.S. 

Congress 2009 and Under Secretary of Defense for Acquisition, Technology and 

Logistics 2011). Like all tools, however, it can be improved. The research above has 

given the DoD some ideas for improvements. DoD’s recent commitment to 

improvements is codified in WSARA; WSARA created PARCA to conduct and oversee 

performance assessments and root cause analyses of MDAPs (U.S. Congress 2009). 

Moreover, the recent USD AT&L EVM governance memo reaffirms the DoD’s 

commitment to EVM. USD AT&L has made PARCA responsible and accountable for 

EVM performance, oversight, and governance and for leading EVM improvements 

across the DoD (Under Secretary of Defense for Acquisition, Technology and Logistics 

2011). Since its inception, PARCA has led the effort to implement EVM changes across 

the DoD. The most significant change involved improving the Integrated Program 

Management Report (IPMR). After assessing that cost and schedule information were 

oftentimes evaluated separately, the new IPMR integrates the cost information contained 

in the CPRs and schedule information in the Integrated Master Schedule (IMS) into one 

document to support consistent and robust program management (Office of the Assistant 

Secretary of Defense for Acquisition 2012). This thesis attempts to provide additional 

insight into other possible EVM improvements that may enhance the effectiveness of 

EVM in the DoD.  

E. SUMMARY  

This thesis examines the EV data from cancelled and non-cancelled MDAPs since 

2001. This chapter presented the purpose and objectives of this research. Numerous 

factors are responsible for program cancellation. While many programs are troubled, not 

all of them are cancelled. This thesis explores whether there are EV characteristics that 

are more strongly associated with those cancelled programs. This study is organized into 

seven chapters. Chapter II provides additional background information on the importance 
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of EV in Systems Engineering and program assessment, explains key EVM terms and 

performance metric calculations, and presents the merits of cost uncertainty methods. 

Chapter III presents details regarding data collection and Chapter IV explains the 

analytical approach. The results are presented in Chapter V. Chapter VI offers some ideas 

for using the results to improve program decision making, including a probabilistic 

modeling approach that provides cost risk information with the estimate. Chapter VII 

provides conclusions and recommendations for future research.  
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II. BACKGROUND 

A. OVERVIEW 

This thesis focuses on investigating Earned Value Management information 

available in statutorily required program reporting and its relationship to cancelled 

programs. Additionally, this thesis attempts to develop a model for DoD executives, 

program managers, and systems engineers that can help forecast the likelihood of 

cancellation based upon these same EV metrics. This chapter focuses on: (1) providing a 

context for the research including the importance of earned value in Systems Engineering 

and program management, (2) presenting a brief overview of the applicability of EV to 

the programs used in this study, and (3) defining the EV terms and performance metrics 

that will be used in the analysis.   

B. THE ROLE OF EARNED VALUE MANAGEMENT IN SYSTEMS 
ENGINEERING AND PROGRAM MANAGEMENT 

To understand the role of EV within Systems Engineering it is helpful to first 

define SE. Numerous definitions of Systems Engineering exist in the literature. The DoD 

has adopted the International Council on Systems Engineering (INCOSE) definition: 

Systems Engineering is an interdisciplinary approach and process 
encompassing the entire technical effort to evolve, verify and sustain an 
integrated and total life cycle balanced set of system, people, and process 
solutions that satisfy customer needs. Systems Engineering is the 
integrating mechanism for the technical and technical management efforts 
related to the concept analysis, materiel solution analysis, engineering and 
manufacturing development, production and deployment, operations and 
support, disposal of, and user training for systems and their life cycle 
processes. (Defense Acquisition University 2012b) 

Systems Engineering uses numerous technical and management processes to evolve, 

integrate, sustain, and dispose of its systems. These processes are presented in Table 1.  
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Table 1.   DoD Systems Engineering Technical Management and Technical Processes 

(adapted from Defense Acquisition Guidebook).  

All of these processes in Table 1 are coordinated and executed at some point 

throughout the system’s lifetime. It is beyond the scope of this thesis to describe each SE 

process and its value; however, it is necessary for this research to provide some detail 

about EVM’s role and value within Systems Engineering technical management 

processes. 

Systems engineers, especially those in management positions, program managers, 

and defense acquisition executives need to be aware of a project’s status with respect to 

cost, schedule and performance. The Technical Assessment processes help provide these 

key decision makers with the information they need to assess, solve problems, and make 

important decisions regarding a program. Moreover, Technical Assessment activities 

measure technical progress within schedule and cost constraints. Earned Value 

Management is an important Technical Assessment process that uses earned value1 

systematically as the primary tool for integrating cost, schedule, and technical 

performance requirements (Kerzner 2009). It is a critical tool for engineering 

management and oversight of acquisition (Defense Acquisition University 2012b).   

                                                 
1 Earned value is the value of completed work expressed as the value of the performance budget 

assigned to that work (Defense Acquisition University 2012b) 
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In simplest terms, EVM is a procedure for understanding, assessing, and 

quantifying what a contractor is achieving with contract dollars and to predict future 

performance. It works by establishing an integrated baseline that is developed from the 

work defined in the work breakdown structure and its associated time-phased budget. As 

work is performed, its corresponding budget (“earned value”) can be measured against 

the integrated baseline. Cost and schedule variances can be calculated and analyzed. 

These variances can help management determine if a project is ahead or behind schedule 

and above or below budget, and where to focus additional resources to remedy the 

problem. The following is a list of a few of these EVM benefits: 

• Provides insight into the contractor’s performance 

• Objectively measures work progress that is auditable 

• Identifies significant cost and schedule drivers which can assist in 
determining the root cause of problems 

• Forecasts future costs and scheduled completion date   

• Facilitates communication   

It is important to note that these variances reflect where problems occurred in the past. 

EVM can also use the current schedule and cost situation to forecast the project’s end 

results based on its performance to date (Eisner 2002). Both aspects (reverse and forward 

looking) of EV variables are considered in this study.  

The relevant statutes, regulatory policy, and DoD guidelines establishing earned 

value management as a key Technical Assessment process and valuable tool for decision 

makers are presented in the following section.  

C. EARNED VALUE MANAGEMENT APPLICABILITY  

1. EVM Statutes, Policy, and DoD Implementation  

It is useful to this study to understand the relevance of EVM to Major Defense 

Acquisition Programs, its origin and regulatory policy, and its importance as an 

information tool for decision systems engineers, program managers, DoD executive, and 

Congress. EVM evolved during the 1990s from service unique cost and schedule 

performance criteria called the Cost/Schedule Control System Criteria (C/SCSC) into a 
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set of 32 industry-owned guidelines called the Earned Value Management System 

(EVMS) (Defense Acquisition University 2012c). The requirement for MDAPs to use 

EVM is stipulated in three laws: 

• Government Performance and Results Act of 1993 (GPRA)  

• Federal Acquisition Streamlining Act of 1994 Title V (FASA) 

• Clinger Cohen Act of 1996 

These acts provide the legal basis for the policies implementing EVM. At the executive 

branch level, the primary policy document governing EVM is the Office of Management 

and Budget (OMB) Circular A-11 Part 7 Capital Programming Guide which requires the 

use of EVM or some similar system “for risk and program management of capital asset 

acquisition” and “to establish cost, schedule, and performance goals for major 

acquisitions and then achieve on average, 90% of these goals” (Office of Management 

and Budget 2006). The DoD, as an agency of the federal government, has issued its own 

directives (the DoDD 5000.01 (Department of Defense 2007) and DoDI 5000.02 

(Department of Defense 2008)) to address the statutory and regulatory requirements of 

acquisition of all military systems. These documents along with the Federal Acquisitions 

Regulation (FARs) and the Defense Federal Acquisitions Regulation (DFARs) provide 

the explicit requirements2 for use of EVM in DoD MDAPs. 

The Weapon System Reform Act of 2009 established the Director, Performance 

Assessments and Root Cause Analyses (PARCA) and charged the organization with 

conducting and overseeing performance assessments and root cause analyses for MDAPs 

(U.S. Congress 2009). PARCA’s assessments evaluate the cost, schedule, and 

performance requirements relative to current metrics (Defense Acquisition University 

2012b). Additionally, PARCA is the policy holder for EV; they are responsible for the 

implementation and use of EVM across the DoD and for evaluating the utility of 

performance metrics used to measure cost, schedule, and performance of MDAPs (Office 

of the Under Secretary of Defense for Acquisition, Technology and Logistics 2011).  

                                                 
2 Current DoD regulation and policy requires EVMS on cost or incentive contracts, subcontracts, and 

intra- government work agreements valued at or greater than 20 million in then-year dollars. For efforts 
exceeding 50 million in then-year dollars, the EVMS must be validated or accepted by the Defense 
Contract Management Agency (Defense Acquisition University 2012b). 
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The DoD has recently acknowledged the need to improve the effectiveness of 

EVM in MDAPs. In his latest EVM Memorandum, the Under Secretary of Defense for 

Acquisitions, Technology, and Logistics (USD AT&L) offered that this new guidance 

will improve the effectiveness of EVM across the Department and to be successful 

“EVM practices and competencies must be integrated into the program manager’s 

acquisition planning and execution processes; the data provided by EVM must be 

accurate, reliable, and timely and implemented in a disciplined manner” (Office of the 

Under Secretary of Defense for Acquisition, Technology and Logistics 2011). This 

memorandum continued the Defense Contract Management Agency’s (DCMA) 

responsibility for EVM System compliance within the DoD. In this role, DCMA conducts 

EVMS reviews of all MDAPs to ensure compliance of EV standards. The DCMA’s 

Earned Value Management Implementation Guide (EVMIG) is the DoD’s principle 

guidance document for EV.  

2. EVM Reporting Requirements  

The three primary vehicles for reporting EVM information are: (1) Selected 

Acquisition Reports (SARs) to Congress3, (2) Defense Acquisition Executive Summary 

(DAES)4 reports to senior level DoD decision makers5, and (3) the Integrated Program 

Management Report (IPMR)6 to program managers. The goal of all of these reports is to 

facilitate communication between and provide feedback to key stakeholders in Congress, 

                                                 
3 DoD must submit Selected Acquisition Reports (SARs) for all MDAPs annually. The frequency is 

increased should the MDAP fail to achieve certain performance thresholds contained in 10 USC § 2432 - 
Selected Acquisition Reports. The SARs enable USD (AT&L) to meet statutory reporting requirements of 
all MDAPs to Congress (Defense Acquisition University 2012b).  

4 DAES are submitted quarterly or monthly depending on whether certain performance thresholds are 
met. The DAES process enables the USD (AT&L) to fulfill statutory requirements to manage and 
oversee MDAPs. The goal of the DAES process is to facilitate communication between, and 
provide feedback to, key stakeholders in OSD, the Joint Staff, the Components, and Program 
Offices. It is important to note that the DAES is an internal management system meant to fulfill 
the needs of senior Department of Defense executives and is NOT for general public 
consumption (Defense Acquisition University 2012b). 

5 For the remainder of this thesis the general collective term “DoD executives,” “DoD officials,” or 
“senior level DoD decision makers” refers to USD AT&L, Program Executive Office (PEO), the 
Milestone Decision Authority (MDA), and their associated staffs.  

6 The IPMR provides performance data that is used to identify problems early in the contract and 
forecast future contract performance (Defense Acquisition University 2012b). 
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DoD, and the program offices. Typically, the EV data for MDAPs is reported monthly by 

the contractor in Contract Performance Reports (formats 1 through 5)7 and in the IPMR 

for use by internal program management. A portion of this data is included monthly in 

the DAES database, quarterly in the formal DAES reports for use by DoD executives, 

and annually in the SARs for use by Congress.8  The DAES reports are the source 

documents for EV data in this research. Additional information pertaining to data 

collection and organization is presented in Chapter III.  

D. EARNED VALUE TERMINOLOGY USED IN THIS RESEARCH  

1. Earned Value Fundamentals  

The following definitions are necessary to understand the analysis and findings of 

this report. The definitions come from the EVMIG (U.S. Department of Defense, Defense 

Contract Management Agency 2006) and the Defense Acquisition University Glossary of 

Defense Acquisition and Terms  (Hagan 2009).9 

• Budgeted Cost of Work Scheduled (BCWS or “planned value”): the sum 
of the budgets for all work scheduled to be accomplished with a given 
time period. Also called the Performance Measurement Baseline (PMB). 
BCWSCUM represents the cumulative BCWS at a certain point of the 
contract.  

• Actual Cost of Work Performed (ACWP or “actual costs”): the costs 
actually incurred and recorded in accomplishing the work performed 
within a given time period. ACWPCUM represents the cumulative ACWP at 
a certain point of the contract.  

• Budgeted Cost of Work Performed (BCWP or “earned value”): the value 
of completed work in terms of the work’s assigned budget. BCWPCUM 
represents the cumulative BCWP at a certain point of the contract.  

• Schedule Variance (SV): the algebraic difference between earned value 
and the budget (SV = BCWP – BCWS). A positive value is a favorable 
condition (ahead of schedule) while a negative value is unfavorable 
(behind schedule). 

                                                 
7 Contract Performance Reports formats 1 through 5 are prepared by the contractor and are the primary 

means for reporting contract performance data. Their periodicity is typically monthly unless tailored for 
specific program.  

8 These periodicities are subject to change based on the program.    
9 Except where specific citation is made in this section it is to be assumed that the definition came 

from one of these two sources. 
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• Schedule Variance Percentage (SV%): indicates how much ahead or 
behind schedule the project is in terms of percentage.  A positive value is a 
favorable condition (percent ahead of schedule) while a negative value is 
unfavorable (percent behind schedule). It may be expressed as a value for 
a specific period of time or for cumulative to date.  
SV % = (SV/BCWS) * 100  (TutorialsPoint 2013). 

• Schedule Performance Index (SPI): EV performance factor representing 
schedule efficiency. Calculated by dividing the Budgeted Cost for Work 
Performed (BCWP) by the Budgeted Cost for Work Scheduled (BCWS). 
This metric is one of the performance factors used in EAC calculations.  

• Cost Variance (CV): the algebraic difference between earned value and 
actual cost (CV = BCWP – ACWP). A positive value indicates a favorable 
condition (under budget) and a negative value indicates an unfavorable 
condition (over budget).   

• Cost Variance Percentage (CV%): indicates how much over or under 
budget the project is in terms of percentage. It indicates how much less or 
more money has been used to complete the work as planned in terms of 
percentage. A positive value is a favorable condition (percent under 
budget) while a negative value is unfavorable (percent over budget). It 
may be expressed as a value for a specific period of time or for cumulative 
to date. CV % = (CV/BCWP) * 100 (TutorialsPoint 2013). 

• Cost Performance Index (CPI): EV performance factor representing cost 
efficiency. Calculated by dividing the Budgeted Cost for Work Performed 
(BCWP) by the Actual Cost of Work Performed. This metric is one of the 
performance factors used in EAC calculations. 

• Budget at Completion (BAC): The sum of all budgets established for the 
contract. BAC is a term that may also be applied to lower levels, such as 
the PMB or at the control account level. 

• Estimate at Completion (EAC): the estimated total cost for all authorized 
work. Equal to the sum of actual costs to date (including all allocable 
indirect costs), plus the estimated costs to completion (estimate to 
complete). 

• Estimate to Complete (ETC): estimate of costs to complete all work from 
a given point in time to the end of the contract. 

• Variance reset: when a contract’s cost and/or schedule variances are reset 
to zero. This is done to improve managerial control over the work 
remaining on a contract.  

When the BCWS, ACWP, and BCWP are obtained for a period, numerous 

additional EV metrics can be calculated including the SPI, SV%, CPI, CV%, ETC and 

EAC, that are helpful to understand how the program is performing and to predict future 
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performance based on the contract’s past performance. Figure 3 illustrates the 

relationship of BCWS, ACWP, and BCWP for a project that is over-budget 

(ACWP>BCWP) and behind schedule (BCWP<BCWS).  

 
Figure 3.  Graphical depiction of EV metrics for a sample project (from Vargas 2009). 

In general, this research studies the relationship between CV%, SV%, EAC 

growth (as defined in Chapter III), and cost and schedule variance resets with program 

cancellation. All of these metrics are available in the DAES and considering the time 

limitation on this research their availability for all programs influenced their selection for 

this study. BAC was not available for every program, so analysis of Variance at 

Completion (VAC = BAC – EAC) for contracts was not possible. More detail about these 

performance metrics is contained in the chapters that follow. Since there are numerous 

ways to calculate EAC and it is not standardized in EV guidance documentation, the 
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following section provides background on the two primary approaches the DoD uses to 

determine EAC.  

2. Different Approaches to Calculating EAC 

EAC is critical information for program managers and senior level decision 

makers. PMs use it to determine whether sufficient funds are available to cover the cost 

of the contract at completion. It also provides them insight into whether the costs are 

growing or not. USD (AT&L), Congress, and PARCA can also monitor the EAC growth 

rate and use this information in assessments and budgetary decision making. The DoD 

currently uses both deterministic and probabilistic methods for determining EAC for use 

in formal reporting. Both methods are explained further in the following sections.  

a. Deterministic EAC Methods 

A common way for programs to calculate their EAC is by using formulas 

that use contractor’s efficiency to date as measured by the CPI and SPI. The resulting 

EACs are point estimates with no level of certainty associated with the estimate. Equation 

(1) illustrates that EAC is equal to the amount of money already spent on the contract or 

Actual Cost of Work Performed (ACWP) plus the amount of money it will take to 

complete the contract or the Estimate to Complete (ETC).  

 EAC ACWP ETC= +  (1) 

The ACWP is an accounting figure reported monthly by the contractor in the CPRs. The 

ETC on the other hand is a forecast that can be calculated in numerous ways. The generic 

formula for calculating ETC is contained in Equation (2): 

 CUMBAC BCWPETC
Index
−

=  (2) 

Use of different performance indices results in different EAC forecasts. 

The two indices used primarily in the DoD (but not mandated) are cost performance 

index and composite index. Use of these indices results in the EACCPI, referred to as the 

“best case” EAC, and the EACComposite, which is called the “worst case” EAC (Defense 

Acquisition University 2012a). These EAC values are reported as best and worst case 

EACs in the monthly DAES reports.  
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(1) Best Case EAC. The best case approach for calculating 

EAC involves using the current CPI of the program as the performance index. The reason 

it is best case is because it results in a lower EAC than its worst cast counterpart. It 

assumes that the rest of the work remaining will be done according to the same cost 

efficiency recorded to date. Equation (3) depicts this relationship: 

 CUM
CPI

BAC BCWPETC
CPI
−

=  (3) 

Substituting ETCCPI into Equation (1) results in the EACCPI 

expression in Equation (4).  

 CUM
CPI

BAC BCWPEAC ACWP
CPI
−

= +  (4) 

(2) Worst Case EAC. The worst case approach for calculating 

EAC involves using a composite performance index called the schedule cost index (SCI). 

Equation (5) shows the SCI expression. 

 *SCI SPI CPI=  (5) 

It assumes that the rest of the future work will follow the cost 

efficiency determined by the cost performance index (CPI), as well as the schedule 

efficiency determined by the scheduled performance index, generating the SCI. Equation 

(6) depicts this relationship: 

  CUMBAC BCWPETC
SCI
−

=  (6) 

This approach incorporates a tendency for programs to perform 

with CPIs and SPIs less than one (an indication of inefficiency). The product of two 

indices less than one has the compounding effect of raising the ETC more than using the 

CPI alone and consequently results in a higher EAC forecasts than the best case approach 

(see Equation (7)).  

 CUMBAC BCWPEAC ACWP
SCI
−

= +  (7) 

It is important to note that these methods, while providing the 

program manager and senior level decision makers with a range of estimates, remain 

deterministic point estimates to a probabilistic scenario. The DoD recognizes the pitfalls 
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of point estimates in cost estimating and has leveraged probabilistic modeling in the 

creation of the annual Comprehensive Estimate at Completion (CEAC).  

b. Comprehensive Estimate at Completion EAC  

The CEAC is the current estimated total cost of authorized work on a 

contract. It is required to be completed annually by contractors in order to remain 

compliant with the FAR and DFAR for EVMS, and it is reviewed by DCMA. The CEAC 

is similar to the best and worst case EAC in that it equals actual costs at a certain point in 

time plus the estimated costs to complete the remaining work on the contract. The CEAC 

differs, however, because it is not a formula based macro level estimation technique. 

Rather, it requires rigorous probabilistic cost estimating methods similar to those used for 

estimating initial program costs. The objective of the CEAC is to serve as the most 

realistic and “most likely” estimate of program costs. The DCMA states that, “the most 

likely EAC has a probability of occurring of 50%, i.e., (P=0.50)10“ (Makielski 2009). 

CEACs provide decision makers with a point estimate, its likelihood, and the cost risk 

associated with the estimate. Its benefit to program managers and decision makers is that 

it provides the level of certainty information along with the estimate. Users of this 

information can make an assessment of the risk of overrun based on the information 

provided with the point estimate. Moreover, CEAC aids program managers and decision 

makers in performing their responsibilities including making Cost as an Independent 

Variable (CAIV) decisions and determining if sufficient funds have been programmed. 

(Makielski 2009). The following paragraphs detail how the CEAC is developed and used.  

Formulation of the CEAC is not deterministic like the macro formula 

based methods detailed in the previous section. Instead, it follows a cost uncertainty 

analysis process to improve the quality of the EAC. Essentially, this approach uses 

stochastic modeling of cost account information with underlying distributions in a Monte 

Carlo simulation to produce a point estimate EAC that includes its associated overrun 

risk. The GAO Cost Estimating Guide (U.S. Government Accountability Office 2009) 

                                                 
10 The most likely estimate (known as the mode) does not necessarily correspond to a cumulative 

probability of 50% unless the probability density function is symmetrical.  
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contains very detailed information on developing a realistic Probability Density Function 

(PDF) and Cumulative Distribution Function (CDF) (otherwise known as an S-curve) to 

estimate costs. The four key steps that are applicable to formulating credible EACs are as 

follows: 

1. Determine cost drivers and associated risks  

2. Develop probability distributions to model uncertainty 

3. Perform uncertainty analysis using Monte Carlo simulation 

4. Identify the probability associated with the point estimate 

It is not within the scope of this thesis to go through all of the detail of this process11; 

rather the intent here is to highlight how this process is used to develop the CEAC. The 

first step of this process is to conduct sensitivity analysis to help identify the cost drivers 

within the contract. Next, distributions are selected for each WBS element at the lowest 

level possible. Various distributions can be used depending on the nature of the costs for 

the particular cost account. These distributions could be based on analogous historical 

cost data or subject matter expertise. The cost distribution reflects the level of uncertainty 

in the estimate. For example, the triangular distribution is based upon three values: 

minimum, most likely, and maximum. If the spread or variability between these values is 

large, then there is greater uncertainty in this estimate.   

A Monte Carlo simulation selects a value at random from each of the 

lower level WBS distributions then sums the random values to arrive at a single value for 

the total EAC. This is repeated thousands of times to produce the EAC Probability 

Density Function for the contract. Figure 4 is the result of a notional model that was 

created using 10 WBS cost accounts with varying triangular distributions.   

                                                 
11 For additional information regarding cost uncertainty analysis and selecting realistic distributions 

see Garvey’s Probability Methods for Cost Uncertainty Analysis: A System’s Engineering Perspective 
(Garvey 2000) or the GAO’s Cost Estimating and Assessment Guide (U.S. Government Accountability 
Office 2009).  
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Figure 4.  Notional CEAC (PDF) with 95% certainty percentage. 

50,000 trials generated the PDF for the total contract seen in the figure.   

The one tailed 95% certainty threshold for this example is $85,099 and is indicated by a 

pink line on the PDF; this certainty level can be chosen based upon the manager’s risk 

tolerance. Since the level of certainty is high (and risk of overrun is low), the resulting 

point estimate is higher and is similar to the worst case EAC calculated deterministically. 

Notice that decreasing the level of certainty results in a corresponding decrease in EAC 

and increase in cost overrun risk. An EAC towards the left edge of the curve would 

represent a “best case” EAC like the one mentioned above (the corresponding level of 

certainty for “best case” would need to be determined). The output of the model can also 

be displayed as a cumulative distribution function or S-curve. Figure 5 presents an 

example of a CDF with various cost estimates mapped to their corresponding probability 

of occurrence levels.  
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Figure 5.  Notional CEAC S-curve (CDF).  

At 50% certainty level, the estimated cost is approximately $70,000. As 

the certainty level is increased to 70%, the estimation increases to roughly $76,000, and 

to $78,344 at 80%. Finally, at 90% level of certainty, the estimate increases to roughly 

$81,000. This increase in the estimate can be thought of as the cost of certainty (Angelis 

2012), i.e., how much more must be spent to reduce the risk of overrun.  

CEAC is a more realistic estimate because it considers uncertainty in its 

creation instead of solely using past performance as the indicator of future costs. 

Moreover, it is useful in checking the deterministic estimates for realism. Monthly 

contractor EACs should fall within the bounds of these CEACs if the program is on track. 

If the contractor EACs do not fall within these bounds, then the root cause of the growth 

can be investigated. Finally, by comparing the recent CEAC to previous CEAC (at the 

same level of certainty), cost growth can be measured. This is a useful metric when 

making comparisons between programs.  
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Two values for EAC (Program Manager and Contractor) are 

reported in the SARs; neither the statute for SARs nor the SAR Data Entry 

Instructions state the associated level of certainty of the EAC used in SAR 

reporting. This thesis assumes that the “most likely” (probability = 0.50) CEAC is 

reported in the SARs.  

E. SUMMARY  

EVM is a system required by law and DoD policy and is useful to systems 

engineers, program managers, and senior level decision makers. It measures a contract’s 

cost and schedule performance, helps identify problem areas in a contract, and predicts 

future performance. WSARA recognized a need for improvements and established 

PARCA to provide additional oversight and reporting of MDAPs EV performance. As a 

result, the DoD has placed increased emphasis on improving EV measurement and 

analysis tools in MDAPs in its directives, regulations, and memorandums. This thesis 

seeks to determine if certain EV variables are associated with cancelled programs and to 

provide an additional tool that will aid in this EV analysis improvement effort.  
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III. DATA 

A. OVERVIEW 

The purpose of this chapter is to familiarize the reader with the process used to 

obtain the data used in this study. The key objective of the data process was to find 

sufficient EV data to conduct the analysis and help answer the research questions. This 

chapter lists the programs used in the study and the criteria for selecting cancelled and 

non-cancelled programs. It then describes the process for collecting and organizing the 

EV data from the DAMIR database. Additionally, it provides basic descriptive statistics 

of the data collected and the rationale for the chosen analytical approach.  

DAMIR is a DoD initiative that streamlines acquisition management and 

oversight by leveraging numerous government databases into one central repository. The 

DAMIR databases used in this study were the Selected Acquisition Report (SAR) and the 

Services’ Defense Acquisition Executive Summary (DAES). The DAES information 

contains some of the earned value data from the contract performance reports (DD Forms 

2734/1–5, APR 2005) on a nearly monthly basis (not all EV data available in the CPR 

formats 1–5 is available for study). The SARs, in the most extreme case, are published 

three times per year, but more typically are published once annually and do not contain 

sufficient EV data for meaningful analysis in this study; however, the SAR is useful 

because it provides background information on each program and some explanations of 

program actions taken. The analysis reported in this thesis is based almost exclusively on 

the DAES data because of the frequency and quality of the EV data provided in DAES.     

B. PROGRAMS IN THE STUDY  

As discussed previously in Chapter I, the primary objectives of this thesis are: (1) 

to investigate whether there are differences in the key earned value metrics of cancelled 

and non-cancelled programs, and (2) to develop a model that captures the probability of 

cancellation based on earned value information. The first task in achieving these 

objectives was to determine which programs, both cancelled and non-cancelled, to use in 

the study.  
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1. Cancelled Program Selection 

Since 2001, 12 Major Defense Acquisition Programs were cancelled before they 

could field an operational system (Harrison 2011). These programs are listed in Table 2. 

Of the 12 cancelled programs, DAMIR earned value data was available for the eight 

programs annotated with an asterisk. These eight programs made up the cancelled 

programs sample of this study. 

 
Table 2.   Major programs cancelled since 2001 without fielding any operational 

systems (adapted from Harrison 2011). 

2. Non-Cancelled Program Selection 

This thesis aims to discern whether there are differentiating earned value 

characteristics within troubled programs and then use these characteristics to form a 

model to forecast the likelihood of program cancellation. Conceivably, more can be 

learned by comparing cancelled programs to fellow troubled programs than by 

comparison to on-track programs. One would expect the on-track programs to outperform 

the cancelled programs in most, if not all, earned value performance metrics.   It is more 

informative to look for differentiators among troubled programs. Recall that the 

Performance Assessments and Root Cause Analyses (PARCA) in the Office of the 
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Assistant Secretary of Defense for Acquisition serves as the DoD’s focal point for all 

policy, guidance and competency relating to EVM (Under Secretary of Defense for 

Acquisition, Technology and Logistics 2011). PARCA states that cumulative cost and 

schedule variance reportable thresholds should be +/- 5% (Office of the Assistant 

Secretary of Defense for Acquisition 2012). Additionally, recall from Chapter II that the 

OMB Circular requires that major acquisitions establish cost, schedule, and performance 

goals for major acquisitions and then achieve on average, 90% of them (Office of 

Management and Budget 2006). Also, it is a generally accepted DoD program 

management heuristic that unfavorable variances greater than 10% are considered 

significant and potentially troublesome. All three of these influenced this thesis’ 

definition of troubled programs as those programs that experienced consecutive 

unfavorable (negative) cumulative cost or schedule variance percentages greater than 

10%. The selection criterion used for the comparison sample of the non-cancelled 

programs was three-fold:  (1) the program was not cancelled, (2) earned value data was 

available for the major program, and (3) the program had to be troubled (as defined 

above).   

Due to time constraints and to maintain consistency in sample sizes, eight 

programs were selected from the 90 active programs in DAMIR for use as a control 

group. The programs are organized by service on DAMIR and then alphabetized within 

the service. The first row of each service was analyzed until eight programs that met the 

criteria were obtained. The first eight non-cancelled programs that met the criteria for 

troubled programs were chosen as the comparison sample of non-cancelled programs. 

These programs are listed Table 3.   
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Table 3.   Comparison sample of troubled non-cancelled major programs.  

With the cancelled and non-cancelled samples determined, the next steps were to 

collect and organize the EV data for use in the analysis.   

C. EARNED VALUE DATA: COLLECTION AND ORGANIZATION 

The second task involved obtaining and organizing the EV data required to 

conduct the analysis and answer the research questions. This section reviews the 

variables studied, describes collection and organization of the data, and provides basic 

descriptive statistics.     

This study hypothesized that the variables presented in Table 4 were the most 

likely differentiators of cancelled programs. In order to sufficiently analyze the 

hypotheses that these variables are different in cancelled programs, the following EV data 

was collected for each program (definitions for each variable are presented in Chapter II):  

• Cost variance percentage 

• Schedule variance percentage 

• Program Manager’s Estimate at Completion (PM EAC) 

• Contractor’s Estimate at Completion  

• Cost variance resets 

• Schedule variance resets 

The collection, organization and descriptive statistics for each group of variables listed in 

Table 4 are discussed in the next section.  

 



 31 

 
Table 4.   Variables used in analysis. 

1. Contract Selection 

All MDAPs have multiple contracts for each phase of the weapons systems 

development to handle different components and functions of systems acquisition. To 

maintain consistency between the samples, the largest Engineering and Manufacturing 

Development phase contract was used for each program. The available raw data for the 

variables for each program’s largest EMD contract was extracted from the DAMIR site 

under the “Earned Value” tab using the “Cumulative” and “Summary” reports and stored 

into a comprehensive master data spreadsheet. While the DAES reports are missing some 

data, sufficient data existed for each program to conduct the analysis.   

The raw data was then organized for analysis. There were different amounts of 

data available for each program and at various stages of contract completion. To handle 

this, all available data was collected for sample comparison and then the data was 

partitioned to test for timing of variances and growth. If the collected data was a 
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percentage or a frequency then direct comparisons could be made between the samples. 

For the data that was not a percentage, the procedure for normalizing it is described in the 

following sections. The following paragraphs explain how the data was organized and 

discuss the descriptive statistics. The analytical methodology using two sample 

hypothesis testing and probit regression modeling is detailed in Chapter IV and the 

results of this analysis are presented in Chapter V.  

2. Cost Variance Percentage 

The cost variance percentages were extracted from every CPR available in the 

DAES reports. The mean and medians were calculated and are presented in Table 5. 

Interestingly, the overall median and mean CV% of non-cancelled programs is more 

unfavorable than the cancelled programs. This suggests that the non-cancelled programs 

are as troubled (and perhaps more so) than their cancelled counterpart. Additionally, it 

suggests that CV% may not be a discriminating variable in a program’s survival. The 

differences were explored further using two-sample hypothesis testing, and the results are 

presented in Chapter V.   

 
Table 5.   CV percentage means and medians of all programs in study. 

The same CV% data was utilized to analyze the potential impact of the timing of 

cost variance percentages on program cancellation at the 25% and 50% completion points 

of the contract. For these two completion points, the average of the CV% within +/- 5% 

of the respective completion points was used for the CV% of each program. Tables 6 and 

7 contain the CV% at these completion points for the sampled cancelled and non-
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cancelled programs (note: data for VH-71 and ACS was not available in DAES for these 

contract completion points). 

 
Table 6.   Cancelled programs’ CV percentages at 25% and 50% contract completion 

points.  

 
Table 7.   Non-cancelled programs’ CV percentages at 25% and 50% contract 

completion points. 

Table 6 suggests that on average cancelled programs have more unfavorable 

CV% at the later stages of the contract. However, the median CV% appears to improve 

from 25% to 50% completion point. Table 7 shows that both the mean and median CV% 
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becomes more unfavorable over time for the sampled non-cancelled programs. When 

comparing the mean CV% between cancelled and non-cancelled programs in Tables 6 

and 7, cancelled programs maintain worse CV% at the 25% completion point, but slightly 

more favorable at the 50% completion point. These observations are not intuitive and 

make drawing any initial conclusions challenging.  

3. Schedule Variance Percentage 

The schedule variance percentages were extracted and compiled from every 

available CPR in the DAES reports. The mean and median for each program were 

calculated and are presented in Table 8. The mean SV percentage is slightly more 

unfavorable (more negative) in cancelled programs while the cancelled programs’ median 

SV% is slightly less unfavorable.   

 
Table 8.   SV percentage means and medians of all programs in study. 

To analyze the timing of schedule variances and their potential effect on 

cancellation, the same SV% data was used. For the 25% and 50% completion points of 

the contract, the average of the SV% within +/- 5% of these completion points was used 

for the SV% of each program. Tables 9 and 10 contain the SV% at these completion 

points for the sampled cancelled and non-cancelled program.   
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Table 9.   Cancelled programs’ SV percentages at 25% and 50% contract completion 

points.  

 
Table 10.   Non-cancelled programs’ SV percentages at 25% and 50% contract 

completion points.  

Table 9 suggests that on average cancelled programs have more favorable SV% at 

the later stages of the contract. Table 10 shows that while the mean SV% seems to 

improve over time, the median SV% becomes more unfavorable for the sampled non-

cancelled programs. When comparing the mean and median SV% between cancelled and 

non-cancelled programs in Tables 9 and 10, cancelled programs maintain worse SV% at 

the 25% completion point. There is conflicting evidence between the mean and median 
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SV% at the 50% point. Again, these general observations based on very small sample 

sizes make drawing initial conclusions challenging. 

4. Variance Percentage Rate of Change 

Figure 6 plots CV% and SV% with the percent complete of the contract for the 

Expeditionary Fighting Vehicle (EFV) program. This is an attempt to compare the rates 

of change of the cost and schedule variance for all sampled programs.  

 
Figure 6.  CV% rate of change for EFV program. 

The left vertical axis represents the CV%; the right vertical axis is contract 

completion percentage. The contract’s completion percentage is depicted by the blue 

curve (the non-continuous portion of the blue curve represents missing DAES contract 

completion percentage data). A trend line was fitted to the data and the corresponding 

slope of the line represents the estimated slope of the fitted line. The plan was to use 

these rates as an additional variable for analysis. However, most coefficients of 

determination or R2 values for the cost and schedule variance percentage plots were 



 37 

below 0.5 and therefore inconclusive. Future research could explore these rates of change 

as potential variables for analysis.  

5. Cost Growth  

To analyze cost growth as a potential discriminating variable, program manager 

estimate at completion and contractor EACs were recorded for every CPR. Initially the 

cumulative cost growth, that is, the difference between the EAC at the beginning of the 

contract and the current EAC would seem the logical metric. However, due to changes in 

the program baseline (“re-baselining”) during the course of the contract, the cumulative 

cost growth did not prove a consistent measure from program to program. When a 

program experiences significant cost growth or schedule delays, it is not uncommon for 

the program manager to request that it be “re-baselined.”  This gives the program a fresh 

start, and leads to a new “beginning” EAC. One possible way to handle the effect of re-

baselining is to consider the re-baselined program a new program. This method was 

discarded because it was difficult to determine in some cases when or if a program had 

been re-baselined (and in some cases the EAC would go down without any evidence of 

re-baselining).   

Alternatively, it is possible to ignore the re-baselined EAC and continue to 

calculate the difference between the original EAC and the current EAC. Doing so is 

problematic however, as it fails to recognize that some programs are re-baselined due to 

changes in scope or requirements, so that the observed cost growth is not indicative of 

program health, but merely a reflection of legitimate changes in program scope. Since the 

objective of this research was to find variables that may predict program cancellation, 

measuring the difference between the original EAC and the new EAC could be 

misleading.   

To address the difficulties mentioned above, a cost growth metric was constructed 

to facilitate comparison of programs. The purpose of the metric is to measure the 

cumulative effect of marginal changes in the EAC. This metric has the advantage that it is 

less distorted by re-baselining yet still captures the overall effect of increases in the EAC 
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from the beginning of the program to the current period. The metric for both PM EAC 

and contractor EAC was calculated using Equation (8):  

 
EAC - EAC

EAC Growth %  = EAC Growth % +  x 100
EAC

present past
present past

past

 (8) 

Note that this constructed metric will always be lower than the cumulative cost growth 

percentage (which is computed by taking the difference between the current EAC and the 

original EAC and dividing the difference by the original EAC). This constructed metric 

provides a conservative estimate of the cost growth experienced by a program, while 

eliminating the problems caused by re-baselining. This metric is hereafter referred to as 

cost growth. For the 25% and 50% contract completion points, the average cost growths 

within +/- 5% of 25% and 50% completion points, respectively, were computed and used 

for the cost growth of each program. The total cost growths and cost growths at 25% and 

50% completion points were calculated for all programs in the study and are presented in 

Tables 11 thru 14. Where data is missing it is because it was unavailable in DAES.   

 
Table 11.   Cost growth for cancelled programs (PM EAC). 
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Table 12.   Cost growth for non-cancelled programs (PM EAC). 

 
Table 13.   Cost growth for cancelled programs (Contractor EAC). 

 
Table 14.   Cost growth for non-cancelled programs (Contractor EAC). 
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Figure 7 provides a general illustration of the trend of cost growth of the sampled 

programs over time.   

 
Figure 7.  Cost growth of cancelled and non-cancelled programs over time. 

Some general observations can be made from Tables 11 thru 14 and Figure 7. 

Expectedly, regardless of estimate type, as programs progress, their cost growth in the 

form of estimates at completion increases. Also note that cost growth appears to be 

significantly higher in cancelled programs than in the non-cancelled counterparts. 

Moreover, the data appears to show that the there are fewer differences in program 

manager and contractor estimates in non-cancelled programs and that the greatest 

difference in estimates appears to occur at the 50% completion point of cancelled 

programs.   

6. Differences in the Estimates at Completion 

To investigate the potential effect the differences between the two estimates may 

have on cancellation, it was first necessary to normalize the differences. The calculation 

to normalize the differences is based on the PM EAC and Contractor EAC values 
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reported in each program’s CPR in the DAES report. In order to normalize the 

differences for program comparison, the magnitude of the difference was divided by its 

corresponding program manager’s estimate at completion for each program. For example, 

if the program manager’s estimate at completion was $5000 and the contractor’s estimate 

at completion was $4500 at a certain contract completion percentage, the difference 

between the two estimates is $500 and the normalized difference is $500/$5000 or 0.10.   

The data was organized into the following four periods to study the potential 

effects of the timing of the difference: (1) total normalized difference, (2) normalized 

difference from 0–25% contract completion point, (3) normalized difference from 26–

50% contract completion point, and (4) normalized difference from 51–75% contract 

completion point. The median total EAC difference and averages of the three periods’ 

EACs were calculated for each program in the study and are presented in Tables 15 and 

16. The cells of the table that remain empty did not have sufficient data for analysis.   

 
Table 15.   Normalized differences in program manager and contractor EAC for 

cancelled programs. 
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Table 16.   Normalized differences in program manager and contractor EAC for non-

cancelled programs. 

The medians and means tell two different stories in this case. A comparison of the 

medians reveals that the EAC difference is worse (greater) in non-cancelled programs for 

all but the 0–25% group. Whereas, a comparison of the means suggests that cancelled 

programs have worse EAC differences in all groups but the 26–50%. Conclusions cannot 

be made from simply comparing the means and medians in this way, but it is useful in 

providing a general sense of how the difference in estimates may effect cancellation.  

7. Cost and Schedule Variance Resets 

Another variable considered as potentially discriminating was the frequency of 

cost and schedule variance resets. There was not an efficient way of doing this other than 

to manually count the resets in the EV data. At times the reset could be cross referenced 

to the DAES report or SAR for additional details, however, most of the time this was not 

possible. Table 17 and 18 present the number of variance resets for each program in the 

study. The low frequency of resets makes drawing conclusions challenging.   
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Table 17.   Cost and schedule variance reset frequency for cancelled programs. 

 
Table 18.   Cost and schedule variance reset frequency for non-cancelled programs. 

D. SUMMARY 

This chapter explained the data collection in preparation for answering the 

research questions. It was difficult to draw any definitive conclusions from cursory 

analyses of the means and medians; nevertheless, it was helpful to observe some of the 

trends within the samples and possible relationships that may exist between the samples. 

It was critical at this point in the research process to determine the most appropriate 

analytical tools to help answer the research questions considering the small sample sizes 

and varying number of available data points per program. Chapter IV offers the details of 
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the analytical approach and the rationale behind its selection. The results of the 

application of these analytical tools are then presented in Chapter V.   
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IV. ANALYTICAL APPROACH 

The two stated objectives of this thesis are: (1) to investigate whether there are 

differences in the key earned value metrics of cancelled and non-cancelled programs, and 

(2) to develop a model that captures the probability of cancellation based on earned value 

information. This chapter develops the hypotheses and explains the selection rationale of 

the statistical techniques and their application in the analysis.  

A. CANCELLED AND NON-CANCELLED PROGRAM COMPARISON 

1. Hypotheses 

This thesis examines whether there are differences in the earned value metrics of 

cancelled and non-cancelled programs that may be associated with program cancellation. 

For earned value metrics where a more negative value equates to more unfavorable 

performance, such as cost variance percentage and schedule variance percentage, the null 

and alternative hypotheses in expressions (9) and (10) applies: 

 0 C NC: μ  = μH  (9) 
 C NC: μ  < μAH  (10) 

The null hypothesis in expression (9) states that the mean percentages for cancelled and 

non-cancelled programs are equal. The alternative hypothesis in expression (10) states 

that the mean percentage for the cancelled programs is less (more negative) than the 

mean percentage for the non-cancelled programs. 

For earned value metrics where a higher value is more unfavorable, such as 

estimate at completion cost growth, difference between contractor and program manager 

EAC, and variance reset frequency, the null and alternative hypotheses are provided in 

expressions (11) and (12): 

 0 C NC: μ  = μH  (11) 
 C NC: μ  > μAH  (12) 

The null hypothesis in expression (11) states that the mean for cancelled and non-

cancelled programs is equal. The alternative hypothesis in expression (12) states that the 

mean for the cancelled programs is greater than the mean for the non-cancelled programs.  
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2. Mann Whitney Testing 

The first objective of this thesis is to determine if earned value metrics exist that 

could help indicate cancellation. To this end, it was necessary to conduct hypothesis 

testing of the selected earned value variables. Data was available for only eight cancelled 

programs since 2001. There are several potential tests to analyze the available data, but 

the small sample sizes and the fact that the underlying distributions are most likely not 

normal, makes Mann Whitney, explained below, the best test for this task.  

The first test considered was the two independent samples t-test. Typically, 

statistical t-testing would be used to test hypotheses such as those contained in this thesis. 

However, the standard t-test and other parametric hypothesis testing procedures are based 

on an assumption that the data is a random sampling from a normally distributed 

population. It is rather unwise to make this assumption of normality with such small 

sample sizes; in these cases, non-parametric hypothesis tests are more appropriate.   

The Mann-Whitney test is the non-parametric equivalent to the independent 

samples t-test and can be used when you do not assume that the dependent variable is a 

normally distributed interval variable (University of California, Los Angeles: Statistical 

Consulting Group 2013b). The Mann Whitney test can be used to test for differences 

between the medians of two populations12. It was chosen since the data samples for 

cancelled programs (n = 8) and non-cancelled programs (n = 8) were very small and not 

assumed to be normally distributed. One-sided Mann Whitney tests were conducted with 

an alpha = 0.10 to determine if there are differences between the medians of the earned 

value variables in cancelled and non-cancelled programs. At this significance level, the 

chance of making a Type I error, i.e., rejecting the null when it is in fact true, is 10% or 

less. In other words, there is a 10% chance that the test would show a difference in the 

variable being studied in cancelled and non-cancelled programs, when in reality no 

difference existed. While increasing alpha may slightly increase the likelihood of 

incorrectly rejecting the null hypothesis, it does help detect whether a difference is 

                                                 
12 Note that Mann Whitney uses medians, not means. It is a non-parametric statistical hypothesis test 

for assessing whether one of the two samples of independent observations tends to have larger values than 
the other.   
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present. All variables in Table 19 were tested using Minitab® software (Minitab is a 

statistical software package developed and distributed by Minitab, Inc.). 

 
Table 19.   Variables tested using Mann Whitney. 

The Mann Whitney tests produce p-values. The p-values for this test represent the 

probability of incorrectly identifying a difference between cancelled and non-cancelled 

programs. For example, when testing the cost variance percentage, if the resulting p-

value is 0.05, the null hypothesis is rejected, but there is a 5% chance that the claimed 

difference is erroneous. For these tests, results with p-values less than the stated alpha = 

0.10 are considered statistically significant, the null hypothesis is rejected, and the 

conclusion that there is a difference in the medians of the respective variable for 

cancelled programs could be drawn. This information could be used to assess whether 

certain earned value metrics are worse in cancelled programs than non-cancelled 

programs. This information is valuable to program managers, systems engineers and 

decision makers because it may confirm or refute long standing heuristics regarding 
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earned value metrics and cancellation. It may also be valuable as an indicator of the 

variables that are most likely to be used in developing a probability regression model. 

More information on probit modeling is contained in the next section.  

B. PROBIT REGRESSION MODELING 

One of the objectives of this thesis is to determine whether earned value metrics 

can be used to establish a model that indicates the probability of program cancellation 

based on earned value data of the cancelled and non-cancelled programs. The results of 

the Mann Whitney analysis suggest drivers of differences that may be helpful in 

developing such a model. The model had to meet two main criteria to achieve the desired 

objective. Due the nature of the data, the model must be equipped to handle the binary 

response variable in this thesis, i.e., cancelled and not cancelled. The model must also be 

able to explain probability of cancellation.   

While for many types of problems, linear regression models produce efficient 

estimators, the following disadvantages of linear regression models made them ill-suited 

for this thesis’ purposes (Koop 2012):  

• Linear regression models imply that the dependent variable is normally 
distributed; in the case of this thesis it is either 0 or 1 and not normal.  

• The fitted value for the dependent value won’t be 0 or 1 even though these 
are the only two values of the dependent variable 

• Linear regression models return unreasonable estimated probabilities less 
than 0 and greater than 1  

• The model will not produce the probability of the dependent variable’s 
occurrence that this thesis seeks to determine 

Two models can overcome the disadvantages presented by the linear regression 

model; they are the probit (probability + unit) and logistical regression (logit) models. 

Probit and logit have become the standard method of analysis for situations where the 

outcome variable is dichotomous (Hosmer and Lemeshow 1989). Probit and logit better 

handle dichotomous variables by using an iterative optimization routine to maximize a 

log likelihood function (Mun 2012).  
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Most of the reviewed literature states that the probit and logit models yield similar 

results; the choice of probit versus logit depends largely on individual preference 

(University of California, Los Angeles: Statistical Consulting Group 2013b). 

Additionally, probit tends to be more popular in economic studies, while logit tends to be 

used in the health sciences (Methods Consultants of Ann Arbor 2013). Both logit and 

probit share the ability to handle dichotomous variables, and their outputs forecast the 

probability of an event’s occurrence. Since their results are nearly indistinguishable and 

the area of this thesis is more aligned to economics than health sciences, the probit model 

was chosen to conduct the analysis. 

The probit regression model is a type of maximum likelihood estimation 

technique that is used to forecast the likelihood of something occurring given one or more 

independent variables. In probit regression models the dependent variable can take on 

only two values, while the independent variables can be non-dichotomous. Once again, 

the probit model uses the independent variables listed in Table 19 and adds the dependent 

variables, cancelled and non-cancelled programs.  

Because of the very small sample size, each variable is regressed against 

cancellations individually. The anticipated output was three-fold: (1) reinforcement of the 

statistically significant independent variables, (2) predicted probabilities of program 

cancellation resulting from changes in significant independent variables, and (3) 

graphical representation of the significant probit models. The mathematical expression of 

the probit model that estimates the probability of event Yi occurring is expected to be in 

the form of Equation (13): 

 ( =1) = ( ) i iP Y XβΦ  (13) 

Where Φ is the cumulative density function of the standard normal distribution, β is the 

marginal effect of the explanatory variable on the dependent variable, and Xi represents 

the values of the explanatory variables of interest. Software packages such as STATA® 

(STATA® is a general purpose statistical software package developed by StataCorp) 

utilize maximum likelihood estimation and numerical optimization to approximate β 

(Koop 2012). A graphical representation of the probit model will be useful in interpreting 

the probability of cancellation given a certain explanatory variable value. Probit uses an 
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S-shaped normal distribution cumulative density function to estimate the curve of the 

data instead of a linear function (O’Halloran 2013). Figure 8 represents a notional curve 

fitting the data for a non-dichotomous independent variable and dichotomous dependent 

variable.  

 
Figure 8.  Graphical representation of a notional probit model  

(From University of Zurich: Chair for Statistics and Empirical Economic Research, 
http://www.sts.uzh.ch/index.html). 

The independent variable, X, in this case can take on any value between -4 and 4.   

Observations of the dependent variable, Y, take on only one of two values, 0 or 1. Probit 

fits an S-shaped curve to the data; this curve can be used to approximate the probability 

of the dependent outcome based on the independent variable. An example will help 

illustrate the utility of this model. To determine the value of the independent variable X at 

which the probability of event Y occurring is 0.50, i.e. P(Y=1) = 0.50, find 0.50 on the y-

axis and connect a line from 0.50 to the curve. Next, connect a line from this point on the 

curve down until it intersects the x-axis. This occurs approximately when X = 0. This 



 51 

value is called the “point of equal opportunity” and is useful because for values of X 

greater than this point (all Xs > 0 in this example), there is a greater likelihood of one of 

the binary events occurring. This will be useful in determining the independent variable 

threshold where a program is more likely to be cancelled.  

C. SUMMARY   

This chapter provides the rationale and approach for analyzing the data using 

Mann Whitney and probit statistical techniques, and explains their relative effectiveness 

given the constraints of the data. The next chapter presents the results and the value of 

those results to program managers, systems engineers and decision makers. Chapter VI 

presents ideas for taking the results and creating tools and mechanisms to enhance 

effective decision making.  
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V. RESULTS 

This chapter presents the results of this research and discusses the insights gained 

from the results. First, Mann Whitney test results are presented that reveal differences in 

the key earned value metrics of cancelled and non-cancelled programs. Then, a probit 

regression model is developed that indicates the probability of cancellation based on 

certain earned value variables. The results of the Mann Whitney tests and the probit 

model are presented. Additionally, this chapter provides information regarding the 

relevancy and utility of the results for decision makers, systems engineers, and program 

managers.  

A. MANN WHITNEY TESTING  

1. Tests for Differentiating Cancelled and Non-Cancelled Programs with 
Earned Value Variables 

Discovering a variable or multiple variables amongst the EV data that distinguish 

cancelled programs from non-cancelled programs is one of the main objectives of this 

thesis. Six main groups of EV variables were tested using Mann Whitney: 

• Cost variance percentage 

• Schedule variance percentage 

• Cost growth (PM EAC) 

• Cost growth (Contractor EAC) 

• Differences between PM and contractor EAC 

• Variance reset frequencies 

Additionally, the timing of the first five groups of earned value metrics was tested. The 

first four groups were tested at the 25% and 50% completion points of the contract and 

the fifth group was tested for each of the first three quarters of the contract. The Mann 

Whitney tests were performed on these variables using an alpha of 10% as the rejection 

criteria. The results of each individual test are summarized in Table 20.   
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Table 20.   Summary of Mann Whitney results. 

Note in Table 20 that four EV variables were accepted at alpha = 0.10 and two 

were significant at alpha = 0.05. Tests noted with a “+” sign were those Mann Whitney 

tests that were performed again because the median expected to be more unfavorable 

turned out to be less unfavorable. The one-tailed Mann Whitney tests were repeated with 

the medians swapped in the alternate hypothesis. These tests returned a p-value that could 

be analyzed. More details about these results are presented in the following sub-sections 

and in Appendix A.  

a. Cost Variance Percentage 

This study expects that cost variance percentages (CV%) would be more 

negative and unfavorable in cancelled programs than non-cancelled programs. The 

purpose of this Mann Whitney test was to determine if this was the case. Surprisingly, of 

the troubled programs sampled, non-cancelled programs’ median CV% is significantly 

less (more negative and more unfavorable) than the sampled cancelled programs’ median 
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CV%. This suggests that the sampled non-cancelled programs are more troubled than the 

cancelled programs, from a cost variance percentage perspective. This is counter-intuitive 

and unexpected. However, there is something to be learned from this result. Recall from 

Chapter III that cost variance percentage was used as the selection criteria for troubled 

programs. In order to reasonably compare the troubled programs, it is necessary to 

determine whether the second sampled group (non-cancelled troubled programs) is at 

least as troubled as the cancelled sample; if they aren’t as “troubled” one could easily 

criticize the results on the basis that the second sample of non-cancelled programs were 

better performers and thus should not have been cancelled. Given the results of the 

previous test, a second Mann Whitney test was conducted to determine whether the non-

cancelled programs have a significantly lower CV% (more unfavorable and more 

negative) than the cancelled programs. The results (p-value = 0.0518) suggest that this 

appears to be the case. Of the sampled troubled programs, non-cancelled programs’ 

median CV% is less (more unfavorable) than the sampled cancelled programs’ median 

CV%. This suggests that the non-cancelled programs are at least (if not more so) troubled 

than the cancelled programs, from a cost variance perspective. Since the non-cancelled 

programs chosen have performed worse than the cancelled programs from a median 

CV% perspective and survived, there may be some other earned value metric that 

indicates program cancellation.   

The timing of cost variance percentages was investigated to see if CV% at 

certain contract completion points was indicative of program cancellation. This study 

expects that cancelled programs would have more unfavorable CV% at the 25% and 50% 

contract completion points than their non-cancelled counterparts. A Mann Whitney test 

(alpha = 0.10) was used to determine whether a difference in the samples’ CV% at 

contract completion percentage levels of 25% and 50% (there was not enough data 

available at the 75% completion point for sufficient analysis) existed between the 

sampled cancelled and non-cancelled programs. For the first completion point tested, the 

average of the CV% within +/- 5% of 25% completion point was computed and used for 

the cost variance of each program. While the median CV% at the 25% contract 

completion point is more negative (and unfavorable) for cancelled programs, the p-value 
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from this test result is greater than alpha = 0.10, suggesting CV% is not a significant 

indicator of cancellation at the 25% completion point. A similar test was conducted for 

CV% at the 50% completion point of the contract. The average of the cost variance 

percentages within +/- 5% of 50% completion point was computed and used for the CV% 

of each program. The median CV% at the 50% contract completion point is higher for 

cancelled programs than for non-cancelled programs thus a p-value is not available and 

the null hypothesis can not be rejected. There is insufficient evidence to conclude that the 

median CV% at the 50% completion point is more negative for the sampled cancelled 

programs. A second test was conducted to see if non-cancelled CV% at 50% was more 

unfavorable than cancelled CV% at 50%. Since the p-value of 0.1927 greatly exceeds the 

alpha = 0.10, the null hypothesis can not be rejected in this case either.   

The results of this study of cost variance percentages suggest that, (1) non-

cancelled programs had more unfavorable CV% than their cancelled counterparts, and (2) 

the timing of unfavorable CV% does not appear to have an effect on cancellation.    

b. Schedule Variance Percentage 

Attention was turned to testing other EV variables to see if there was a 

statistically significant discriminating variable of cancelled programs. The next variable 

tested was schedule variance percentage (SV%). It seems reasonable to expect that 

cancelled programs would have a harder time meeting task completion deadlines and 

schedule milestones on time. Therefore, SV% is expected to be worse for cancelled 

programs than non-cancelled programs. The results of the Mann Whitney test indicated 

otherwise. Similar to the CV% results, the median SV% of the non-cancelled programs 

was actually worse than the median SV% of cancelled programs. Because of this, there is 

no evidence that the median SV% of cancelled programs is more unfavorable than the 

median SV% for non-cancelled programs. Given these results, the test was run again to 

check to see if the non-cancelled programs had significantly worse SV% than cancelled 

programs. Test results revealed a p-value = 0.1592 that exceeded alpha = 0.10; these 

results indicate that the two samples were not statistically different from a schedule 

variance percentage perspective. 
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An investigation into the timing of schedule variance percentages 

examined if SV% at certain contract completion points was indicative of program 

cancellation. For the 25% completion point, the average of the SV% within +/- 5% of 

25% completion point was used for the SV% of each program.   Again, a Mann Whitney 

test was used to test whether the median SV% for cancelled programs was more 

unfavorable than their non cancelled counterparts at the 25% completion point. While the 

median SV% at the 25% contract completion point is lower for cancelled programs, the 

results (p-value = 0.3734) revealed there is insufficient evidence to show that cancelled 

programs have more unfavorable SV% than non-cancelled programs at the 25% 

completion point. A similar test was conducted for SV% at the 50% completion point of 

the contract. The test results (p-value = 0.5) revealed that the there is no evidence of more 

negative median SV% at the 50% completion point for the sampled cancelled programs. 

In fact, there is an equal likelihood that there is an effect as there is an appearance of an 

effect due to randomness.  

The results of this schedule variance percentage study suggest that there is 

not a significant difference between the SV% or the timing of SV% in cancelled and non-

cancelled programs. The study shifted its focus to investigating cost growth as a potential 

explanatory variable of cancellation.  

c. Cost growth 

Recall from Chapter II, that the earned value metric chosen to measure 

cost growth is estimate at completion and that estimates at completion come in two 

forms: program manager’s estimate at completion and contractor’s estimate at 

completion. Both the program manager’s and contractor’s estimates were tested 

separately since there is a difference between the estimates in most programs. This 

portion of the study investigates whether total cost growth over the life of the contract is 

worse in cancelled programs. Furthermore, it studies whether the timing of cost growth is 

worse in cancelled programs than their non-cancelled counterparts.    

(1) Program Manager’s Estimate at Completion. Since total 

cost growth is an unfavorable metric in the eyes of program stakeholders, this study 
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expects that cost growth in the form of PM EAC would be worse for cancelled programs. 

There is an observed difference in the medians of the two samples (89.9% vs. 45.8%) and 

it appears that cancelled programs have higher total cost growth than non-cancelled 

programs. However, with this data there is not compelling evidence to reject the null 

hypothesis in favor of the alternative. While the traditional interpretation of a p-value of 

the Mann Whitney results (p-value = 0.1136) suggest that the null hypothesis cannot be 

rejected at the 10% level of significance, this relatively low p-value may suggest an area 

for further investigation into the relation between total cost growth of the program 

manager’s EAC and program cancellation.   

Next, the study investigated the timing of cost growth in the form 

of the program manager’s estimate at completion. It was expected that early cost growth 

and midpoint cost growth would be worse in cancelled programs than non-cancelled 

programs. A Mann Whitney test with alpha = 0.10 was used to determine whether a 

difference in the samples’ cost growth at contract completion percentages of 25% and 

50% (again, there was not enough data available at the 75% completion point for 

sufficient analysis) existed between the sampled cancelled and non-cancelled programs. 

For the two completion points tested, the average cost growth for completion points 

within +/- 5% of 25% and 50% completion points, respectively, were computed and used 

for the cost growth of each program. At the 25% completion point, there was an observed 

difference in the cost growth medians of the two samples (33.1% vs. 0.4%). It appears 

that cancelled programs have significantly higher cost growth than non-cancelled 

programs at the 25% completion point. Moreover, the Mann Whitney test results (p-value 

= 0.0407) indicate that there is evidence that the cost growth of the program manager’s 

estimate at completion at the 25% contract completion point is greater for cancelled 

programs than non-cancelled programs.     

Median cost growth continues to increase as the contracts reach 

their midpoint of completion. For non-cancelled programs, the median cost growth 

increased from 0.4% to 16.4%. Similarly, for cancelled programs, the median cost growth 

rose from 33.1% to 47.2%. This is expected as programs seldom recover from the 

inefficiencies that cause early cost growth. This is also consistent with Christensen’s 
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(1994) findings that once a program is more than 15–20% complete it is highly unlikely 

that the cost overrun for a program will be less than the current cost overrun. Moreover, 

the Mann Whitney test revealed that there is evidence that the cost growth at the 50% 

completion level is higher for cancelled programs than non-cancelled programs. The 

utility of this finding is discussed later in this chapter. 

(2) Contractor’s Estimate at Completion. Recall from Chapter 

II that the contractor’s estimate at completion is a measure of cost growth; if a difference 

exists between the contractor’s and program manager’s estimate it is typically due to use 

of a different index to calculate the estimate. Nevertheless, this study expects that the 

growth in the contractor’s estimate, like the program manger’s estimate, would be higher 

in cancelled programs than non-cancelled programs. The median total cost growth of 

cancelled and non-cancelled programs was compared and there is an observed difference 

between the two samples (91.7% vs. 32.3%). Again, it appears that cancelled programs 

have significantly higher total cost growth than non-cancelled programs over the life of 

the contract. The Mann Whitney test confirmed this expectation (p-value = 0.0639) and 

showed that there is statistically significant evidence that the total cost growth of the 

contractor’s EAC is greater for cancelled programs than non-cancelled programs.   

The study expects that the cost growth in the form of the 

contractor’s EAC at the 25% and 50% contract completion point would be worse in 

cancelled programs than non-cancelled programs. For the two completion points tested, 

the average cost growth was calculated in the same manner as for PM EAC in the 

preceding test. As expected, the median cost growth of the cancelled programs is higher 

than the median cost growth of the non-cancelled programs at the 25% completion point 

(32.7% vs. 3.2%) and the Mann Whitney test confirms that these results are significant. It 

can be concluded that the cost growth in the form of the contractor’s estimate at 

completion is greater for cancelled programs than non-cancelled programs at the 25% 

contract completion point. The median cost growth worsens as the contract progresses 

towards completion for both cancelled and non-cancelled programs, 52.8% vs. 20.3%, 

respectively. The Mann Whitney tests confirm that cost growth in the form of the 
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contractor’s estimate at completion is greater for cancelled programs than non-cancelled 

programs at the 50% contract completion point.   

Expectedly, these results are similar to those obtained for the 

program manager’s estimate suggesting a trend in cost growth in cancelled programs. 

Cost growth in the estimates at completion was the strongest statistical evidence found of 

a difference between cancelled and non-cancelled programs. The utility of this finding is 

discussed later in this chapter.  

d.  Differences between PM and Contractor EAC 

The next variable tested was the difference between the program 

manager’s EAC and the contractor’s EAC for both cancelled and non-cancelled 

programs. Since the EACs are calculated differently, the study seeks to explore whether a 

potential widening gap can indicate cancellation. This study would expect wider gaps to 

be associated with cancelled programs. The rationale here is that wider gaps indicate 

more uncertainty in the estimates and uncertainty in growing costs tends to prove 

unnerving to decision makers. Recall that the difference between the two estimates is 

calculated based on the values reported in each program’s cost performance report in the 

DAES report and then normalized using the procedure detailed in Chapter III. The 

median normalized EAC difference was calculated for each program. Then the median 

EAC difference of cancelled programs was compared to the median EAC difference of 

the non-cancelled programs. Unexpectedly, the median EAC difference was actually 

greater for non-cancelled programs than cancelled programs. A second test was 

conducted to see if non-cancelled EAC difference was statistically worse than cancelled 

EAC difference; it was not. Therefore, there is no evidence that there is a difference 

between the median EAC difference for the sampled cancelled and non-cancelled 

programs.   

The difference between the program manager’s EAC and the contractor’s 

EAC over time was also investigated. The normalized differences of the estimates were 

investigated for three periods (0–25%, 26–50%, 51–75%). The study expected that 

cancelled programs would experience greater gaps in the estimates at all phases of the 
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contract. The p-values of the first two Mann Whitney tests (for the periods 0–25% and 

26–50%) greatly exceeded the alpha of 0.10 and therefore there was no evidence that 

EAC differences were related to cancellation at these phases of the contract. The third 

test for the period 51–75% resulted in a p-value of 0.1362. The p-value slightly exceeds 

the alpha of 0.10, suggesting that there is some evidence that the difference between the 

program manager’s and contractor’s estimate at completion is greater for cancelled 

programs than non-cancelled programs at the 51–75% completion level. This relatively 

low p-value may suggest an area for further investigation.    

2. Effect of Cost and Schedule Variance Resets on Program Cancellation  

One of the research questions involves investigating whether resetting cost 

variance or schedule variance increases the likelihood of program survival. The small 

sample sizes made this question difficult to answer, especially considering that the range 

of frequencies was zero to three. The schedule and cost variance frequencies were 

counted for each of the 16 programs. It was initially observed that on average the 

cancelled programs experienced 0.75 cost variance resets and 0.50 schedule variance 

resets, whereas the non-cancelled programs experienced 0.50 cost variance resets and 

0.63 schedule variance resets. Since the average number of cost variance resets for 

cancelled programs exceeds the average number of cost variance resets for non-cancelled 

programs, one can reasonably conclude that resets of cost variances do not decrease 

likelihood of cancellation. Similarly, since the average number of schedule variance 

resets in cancelled programs is only slightly lower than those in non-cancelled programs, 

this cursory study of mean frequency of schedule variance resets does not appear to 

suggest an association with cancellation.  

Nevertheless, Mann Whitney was used to analyze whether the median cost and 

schedule reset frequencies were associated more with cancelled or non-cancelled 

programs. If reset frequency is higher in cancelled programs, then they may be a leading 

indicator to predict cancellation. If resets saved programs, then their frequency would be 

expected to be higher in the non-cancelled troubled programs that survived. Neither 
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conclusion can be drawn however since the p-value greatly exceeds the alpha on the tests 

conducted.   

Based on the data set, cancelled programs do not appear to have more cost or 

schedule variance resets than their non-cancelled counterparts. Further analysis could be 

conducted on the size and timing of the resets and their relationship to program 

cancellation or survival.   

3. Interpretation of the Mann Whitney Results 

Of the sampled troubled programs, the cancelled programs have higher total cost 

growth over the life of the contract based on contractor EAC and program manager EAC. 

Additionally, the analysis suggests that cost growth at the 25% completion level and 

again at the 50% completion level (for both the program manager and contractor’s 

estimate at completion) was greater for cancelled programs than non-cancelled programs. 

While this seems intuitive, this study found affirmative evidence to confirm the 

expectation that cancelled programs tend to have greater cost growth at the beginning and 

midpoint levels of contract completion. Additionally, the increasing median cost growth 

from 25% to 50% completion point is valuable to program managers and decision makers 

because it confirms the findings that cost growth worsens (and rarely improves) over 

time. Christensen (1994) notes that given that a contract is more than fifteen percent 

complete, the overrun at completion will not be less than the overrun incurred to date; 

and the percent overrun at completion will be greater than the percent overrun incurred to 

date. These findings serve as another foreboding example of the consequences of 

excessive cost growth.  

What remains puzzling is the finding that non-cancelled programs experienced 

worse (more negative) cost variance percentages than the cancelled programs, yet their 

median contractor and PM EAC growth (which presumably uses CV % in its calculus) 

was more favorable than their cancelled counterparts. The expectation is that those 

programs with worse cost variance would have greater growth in their EAC. This could 

be a result of limited sample size, or a result of the fact that the medians are not 

sufficiently explanatory, or caused by the use of different indices to calculate contractor 
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and PM EAC. As explained in Chapter II, the indices used by programs to calculate EAC 

vary and are unknown for the programs examined in this research; a deeper investigation 

into the indices for each respective program could be conducted to analyze if optimistic, 

pessimistic or realistic estimations were associated with cancellations. The point here, 

however, is that there are numerous EAC formulas that can be used by the contractor and 

program offices, each with their own assumptions and motivations for use. Chapter II 

goes into detail regarding the different methods for calculating EAC. Programs have the 

latitude to lower estimate at completions by using different performance indices, none of 

which may be indicative of future cost performance of the contract (Christensen 1994 and 

U.S. Government Accountability Office 2009). This may divorce EAC from the more 

negative performance indices and may present a lower than realistic EAC. While this 

thesis was able to draw conclusions about the higher growth of cancelled programs using 

these deterministic EACs, they are sub-optimal in providing value to program managers 

and decision makers who should have access to quality (risk informed) estimates to 

enhance their decision making. The Navy’s A-12 program is the classic example of the 

problem with deterministic and non-uniform EACs. When Secretary Cheney cancelled 

the program in 1991, he lamented about the many inconsistent EACs (Morrison 1991). 

This can be improved.  

Since this thesis highlights the significance of cost growth as measure by EAC at 

all phases of the contract, it seems reasonable to focus on making EAC as consistent and 

realistic as possible. A reasonable approach to standardizing the EAC calculation and 

including an associated level of certainty would seemingly reduce the inconsistency 

associated with programs’ EACs, simplify the process for program managers, and 

provide program managers and senior level decision makers with control tools and higher 

quality estimates for evaluation within and across programs. Chapter VI discusses a 

method to improve the quality of information of the EAC metric to all program 

stakeholders.    

The findings of the Mann Whitney analysis point to cost growth as the greatest 

differentiating earned value factor of cancelled programs. The thesis turns its focus to 

developing a model that is capable of confirming these differentiating earned value 
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metrics and forecasting the probability of program cancellation based on earned value 

information.  

B. PROBIT MODELS  

Once explanatory variables were identified using Mann Whitney testing, the 

research shifted focus to developing a model to forecast the probability of cancellation 

based on EV information. Multiple probit models were developed using the analytical 

approach detailed in Chapter IV. The following sub-sections highlight both the results of 

that effort and the model’s value to program managers, systems engineers and decision 

makers. Additional probit test results details are presented in Appendix B.  

1. Probit Models-– All Programs in Study 

The same EV variables of all 16 programs used in the Mann Whitney tests were 

utilized in the development of a probit model. Because of the small sample size each 

individual variable was run as a separate regression to avoid losing degrees of freedom. 

The anticipated output of each probit model was three-fold: (1) reinforcement of 

the statistically significant independent variables using parametric estimators, (2) 

predicted probabilities of program cancellation resulting from changes in significant 

independent variables, and (3) graphical representation of the significant probit models. 

For p-values less than alpha = 0.10, the variable was considered significant. Recall that 

the p-value is the probability that the coefficient in Equation (13) is actually equal to 

zero, and thus a small p-value indicates that the coefficient is likely non-zero. A p-value 

of less than 0.10 indicates that there is less than a 10% chance the model’s results for the 

particular variable would be the result of random behavior. The complement is true as 

well; the model is 90% confident that the independent variable is having an effect on the 

dependent variable. Table 21 contains the p-value and coefficient13 results from the 

probit tests.   

                                                 
13 Recall from Chapter IV that probit coefficients are transformed by the cumulative density function 

and cannot be interpreted in the same way as OLS regression coefficients.   
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Table 21.   Probit results. 

Note from Table 21 that the only two variables for which the p-values are less 

than 0.10 are the growth of the program manager’s estimate at completion at the 25% 

completion point and the growth of the contractor’s EAC at the 25% completion point. 

These significant findings for these two variables reinforce the results of the Mann 

Whitney tests, which also found these two variables to be significant. These two variables 

were used to develop individual probit models whose chief utility is its ability to indicate 

the probability of cancellation given variable input data. The high correlation of the two 

estimates at completion prevents combining them into one regression model. 

Figure 9 is the graphical representation of the first model utilizing Cost Growth 

PM EAC at 25% complete. This graphical representation of the model depicts the 

probability of cancellation given a certain level of cost growth in the program manager’s 

estimate at completion at the 25% completion level of the contract.   
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Figure 9.  Cost growth PM EAC at 25% completion probit model14. 

From Figure 9, for cost growth greater than 20%, the probability of cancellation is 

greater than 50%. Recall from Chapter IV that this point is called the point of equal 

opportunity. This point is meaningful to program managers, systems engineers, and 

decision makers because it is the cost growth threshold where a program is more likely to 

be cancelled than not cancelled. Probit provides another useful tool for decision makers; 

the estimated marginal effect is the average slope of the S-curve. For this model, the 

estimated marginal effect is 1.10. On average, when cost growth increases by 1%, a 

decision maker can expect an approximate 1.1% increase in likelihood of cancellation. 

This is a valuable rule of thumb for decision makers involved with a program to get a 

sense of the effects of increasing cost growth in the early stages of a contract. 

The second model was developed using the Cost Growth Contractor EAC at 25% 

and is very similar to the probit model for Cost Growth PM EAC at 25%. Figure 10 is a 

                                                 
14 The reader will note that x-axis units are (x100%) 
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graphical representation of the probit model using Cost Growth Contractor EAC at 25% 

completion point as the independent variable.  

 
Figure 10.  Cost growth contractor EAC at 25% completion probit model. 

Again, it is evident that this graphical model is useful as a tool to indicate 

cancellation based on a corresponding contractor EAC at 25% contract completion point. 

Visually, it is difficult to discern an appreciable difference between the two models; 

however, the cost growth contractor EAC at 25% maintains a slightly higher average 

slope. The estimated marginal effect for this model is 1.21, which means that on average 

when cost growth increases by 1%, a decision maker can expect a corresponding 1.21% 

increase in likelihood of cancellation. Nevertheless, either graph can be used by program 

managers, decision makers, and systems engineers as a quick reference tool for 

understanding the effect of early cost growth on the probability of program cancellation. 

These significant probit results in conjunction with the Mann Whitney test results 
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reinforce the notion that early cost growth is significant in forecasting likelihood of 

program cancellation.  

2. Revised Probit Models 

There is a potential outlier in the probit model in Figures 9 and 10. In order to test 

the sensitivity of the models and to ensure that the significance was not being driven by 

this sole observation, the probit modeling was repeated for the data sets excluding the 

Crusader program whose cost growth (both contractor and program manager’s EAC) was 

roughly 330% at the 25% contract completion point. Table 22 shows the comparison of 

the results between the two models with Crusader and the two models without Crusader.   

 
Table 22.   Initial probit model vs. revised probit model results. 

Notably, there is not much difference between the model with and without the 

Crusader program data. PM EAC at 25% completion and Contractor EAC at 25% 
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completion remain the only significant variables whose p-values are less than alpha = 

0.10. This model was largely insensitive to excluding the outlier.  

Figures 11 and 12 are the graphical representations of the revised probit models 

utilizing Cost Growth PM EAC at 25% completion and Cost Growth Contractor EAC at 

25% completion as the model’s independent variables, respectively.   

 
Figure 11.  Cost growth PM EAC at 25% completion probit model (without Crusader). 
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Figure 12.  Cost growth contractor EAC at 25% completion probit model (without 

Crusader). 

Figures 11 and 12 offer similar graphical representations as their predecessors. 

Although visually the average slopes of the S-curves appear to be shallower, they are 

nearly identical to those in the original probit model graphs. The estimated marginal 

effect for Cost Growth PM EAC at 25% completion is 1.19, up slightly from 1.10 in the 

original model. Similarly, the estimated marginal effect of the cost growth contractor 

EAC at 25% completion increased slightly from 1.21 to 1.30. On average, when cost 

growth increases by 1%, a decision maker can expect a corresponding 1.19% or 1.30% 

increase in likelihood of cancellation based on these marginal effects.   

C. SUMMARY   

The data indicate that of the troubled programs sampled, cancelled programs do 

not have a lower or more unfavorable cost variance percentage than non-cancelled 

programs. However, the Mann Whitney test results have shown that for the sampled 

programs, the cancelled programs have higher total cost growth over the life of the 

contract based on contractor EAC and program manager EAC. More specifically, the 

Mann Whitney analysis suggests that cost growth at the 25% and 50% completion levels 
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(for both the program manager and contractor’s estimate at completion) is greater for 

cancelled programs than non-cancelled programs. Moreover, probit modeling confirms 

that the significant variables are cost growth at 25% completion for both program 

manager and contractor EAC. Taken together, both the Mann Whitney test results and 

probit model results suggest that there is reasonably strong evidence that early cost 

growth in a program is an indicator of program cancellation. This information serves as a 

red flag to all program stakeholders and confirms a widely held notion that early cost 

growth in a program is indicative of program cancellation.   

These findings have drawn attention to the importance of realistic estimates of the 

cost of a contract at completion. Recall from Chapter II that most EACs are calculated 

deterministically and reported in DAES reports and SARs to Congress. It stands to reason 

that while EAC alone is not the sole metric used in a cancellation decision, it does play a 

part. It seems reasonable to contend that the EAC is a critical metric for used by decision 

makers. Assuming that this is the case, the accuracy and realism of these estimates is 

particularly important. The following chapter discusses using more of the information 

from the Comprehensive EAC and probabilistic modeling of the monthly EACs as 

reasonable approaches to improving the information provided to decision makers.   
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VI. PRACTICAL IMPLICATIONS FOR DEFENSE ACQUISITION  

A. OVERVIEW  

Both the Mann Whitney and probit results highlight the importance of early cost 

growth as an indicator of cancelled programs. Moreover, the results show that early cost 

growth can be used to forecast the likelihood of program cancellation. Two probit models 

effectively forecast the likelihood of cancellation based on EAC growth at the 25% 

completion point of a contract. Because so much of this thesis’ findings are predicated on 

the EAC, it follows then, that in order to maximize its utility to senior officials making 

program cancellation decisions, the EAC should be as realistic as possible while 

minimizing additional effort and cost. This chapter identifies some key shortfalls of 

current EAC reporting. It then provides some suggestions to remedy the shortfalls, 

thereby improving the quality and utility of the information provided to program 

managers for decision making and to defense officials and Congress for making key 

budget choices and possible cancellation decisions.  

B. SHORTFALLS OF CURRENT ESTIMATES AT COMPLETION 

The EAC metric is important for two reasons. First, it provides the program 

manager a final estimate of costs to ensure that there are sufficient funds programmed 

and authorized to cover the estimated costs. Second, it informs senior government 

executives about the total estimated cost of the programs in the DoD portfolio for their 

use in budgeting and decision-making. Ostensibly, it is reasonable to imagine that all 

stakeholders would prefer to have the most realistic information available upon which to 

base their decisions. The EAC in the current reporting system may not be maximizing the 

quality of information provided to program managers and decision makers. The three key 

shortfalls of current EACs are: (1) the use of different performance indices in the creation 

of the best and worst case EACs makes comparison within and between programs 

challenging, (2) the best and worst case EACs reported in DAES are deterministic 

estimates that do not provide the decision maker with the likelihood of exceeding the 

estimate, and (3) the current comprehensive EAC, while the result of probabilistic 



 74 

modeling, officially reports only the “most likely” EAC and is produced only once per 

year. 

Before discussing the shortfalls further, it is worth reemphasizing how EACs are 

reported to decision makers. Recall from Chapter II that the two main reporting 

mechanisms to Congress, PARCA, and DoD officials of the latest estimates of cost, 

schedule and performance status are the Selected Acquisition Reports (SARs) and 

Defense Acquisition Executive Summaries (DAES). Two EACs are reported in the 

SARs:  (1) Contractor EAC and (2) Program Manager EAC. This thesis assumes that 

these SAR EACs are the “most likely” annual CEAC estimates discussed in Chapter II. 

These are the only probabilistic estimates this research has discovered that are contained 

in official reporting15. Multiple EACs are reported in the DAES reports: (1) Program 

Manager Best Case, Worst Case and Most Likely EACs, and (2) Contractor’s Best Case, 

Worst Case and Most Likely EACs. The “most likely” EAC is again assumed to be the 

CEAC and the best case and worst case EACs are deterministic, i.e., point estimates 

calculated using various performance indices16. One can easily imagine that these 

numerous estimates that apply different performance indices in their calculation can 

make comparisons of EACs both within and across programs difficult.   

While the DoD provides guidelines for which EV performance indices to use in 

the calculation of best and worst case EAC deterministic calculations (U.S. Department 

of Defense, Defense Contract Management Agency 2006 and Defense Acquisition 

University 2012a), they remain guidelines and not strict requirements. The contractors 

and program managers have the latitude to use different formulas for the contract’s best 

and worst case EAC calculations. Recall from Chapter II, the range of EACs is typically 

calculated using two different indices, the EAC CPI and the EAC composite, to calculate 

the best and worst case EACs, respectively. If contractors and PMs use different 

performance indices to calculate their floor and ceiling EACs, this can cause confusion 

within the program. While this study could not show a strong significant relationship 

                                                 
15 Recall from Chapter II that neither the statute for SARs nor the SAR Data Entry Instructions 

state which EAC is used in SAR reporting. 
16 These calculations are shown in Chapter II. 
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between the difference in EACs and cancellation, there was some evidence at the 51–

75% completion level that the difference between the PM and contractor EACs was 

greater for cancelled programs. This difference in the estimate is useful for PMs and 

decision makers since it suggests that uncertainty in estimation can increase likelihood of 

cancellation and could be investigated further in future research. Similarly, MDAPs using 

different formulas to calculate these EACs make comparisons between programs 

problematic. This inconsistency in estimates may not bode well for troubled programs. A 

program could easily use a performance index that would improve its relative standing 

amongst other programs using a more favorable, but less realistic performance metric to 

calculate its EAC (Christensen 1999 and U.S. Government Accountability Office 2009).  

To understand the future cost of a system, the decision maker needs to know both 

the forecasted cost and the likelihood of the program exceeding that cost. Additionally, 

decision makers should understand the program’s uncertainties and how they are driving 

costs. Neither of these can be provided by the currently reported best and worst case 

EACs. The existing best and worst case EACs maintained in formal reports make no 

mention of the level of certainty (or uncertainty) of the estimate nor the likelihood of 

exceeding it. This is because these EAC calculations use past cost and schedule 

performance to predict future costs and implicitly assume that the future performance will 

be identical to the past. Because EACs are calculated in this way, it is widely recognized 

that earned value management cannot provide exact estimates at completion with 

associated levels of certainty. If risk-related estimates are required to be reported to 

decision makers, cost estimating and risk management techniques are needed (Defense 

Acquisition University 2009a). The best and worst case estimates do provide a range of 

estimates for decision makers, but these point estimates, either low or high, share a 

common feature: they lack information. The estimates do not provide the decision maker 

with any insight into the underlying uncertainty in the estimate or the likelihood of 

exceeding that estimate.   

To account for this shortfall in reporting uncertainty along with the best and worst 

EACs, the DoD has offered guidance in documents such as Defense Contract 
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Management Agency’s (DCMA’s)17 Earned Value Management System (EVMS) 

Program Analysis Pamphlet (PAP) (U.S. Department of Defense, Defense Contract 

Management Agency 2012) and Examining the Comprehensive Estimate at 

Completion (CEAC) (Makielski 2009) for calculating an annual Comprehensive EAC. 

The annual CEAC is calculated using “detailed estimating methods similar to those used 

in the proposal process18“ and “it should be the most likely estimate with an expected 

probability of occurring of 50%” (Makielski 2009).19  This CEAC seemingly remedies 

the shortfall of not reporting the associated uncertainty with the estimate; however it only 

reports the most likely case in the SARs and DAES. The shortfalls of the CEAC are that, 

(1) the complete CEAC risk information is not reported to decision makers in formal 

reports, and (2) it is produced annually, so it cannot be used as a real time tool for 

program managers to assess monthly performance. 

In summary, these shortfalls involve under-reporting of available probabilistic 

EAC information. The following section discusses ways to use an existing CEAC, the 

Vargas EAC20, and a combination of probabilistically determined EACs with the 

findings from this report’s analysis to improve the quality of information provided to 

program managers and senior level DoD executives.  

C. RECOMMENDED USES OF PROBABILISTIC EAC FOR PROGRAM 
MANAGERS AND DECISION MAKERS 

The DoD values the use of cost uncertainty analysis in establishing probabilistic 

cost estimates that include the risks of exceeding them. The GAO Cost Estimating and 

Assessment Guide states, “the EAC must reflect the degree of uncertainty, so 

                                                 
17 DCMA is the DoD’s subject matter expert for EVMS. 
18 During the proposal process, cost estimators use cost uncertainty analysis to develop initial cost 

estimates to compare the estimates of competitors and to ensure the government obtains a fair price for the 
developed system and services provided (Garvey 2000). Additional details of how the CEAC is computed 
are contained in Chapter II of this thesis.  

19 The governing documents do not provide more detail about how CEAC should be calculated. This 
thesis assumes that the CEAC referenced in these documents is determined probabilistically using cost 
uncertainty analysis methods like those detailed in Garvey’s Probability Methods for Uncertainty Analysis 
(Garvey 2000) and the GAO’s Cost Estimating and Assessment Guide (U.S. Government Accountability 
Office 2009).   

20 The Vargas method for calculating probabilistic EAC is detailed in Chapter II. 
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that a level of confidence and risk can be given along with the point estimate” 

(U.S. Government Accountability Office 2009). Deterministic manipulation of EV 

data alone cannot provide these levels of confidence or the probability of exceeding the 

forecasted EAC. Moreover, cost uncertainty analysis is statutorily required. Both 

WSARA (U.S. Congress 2009) and the CEAC development documents (Makielski 2009) 

require its use.21. What remains puzzling is the continued use of deterministic best case 

and worst case EACs in formal reporting. This thesis makes two suggestions to improve 

the quality of EAC information provided to decision makers: (1) report the existing 

probabilistically determined CEAC along with more of its level of certainty information 

in the SAR, and (2) use the Vargas method for calculating a probabilistic EAC for DAES 

reporting and as a program management assessment tool. Finally, this section concludes 

by providing a recommendation to use probabilistic EAC information in conjunction with 

this thesis’ probit model as a tool to forecast the likelihood of program cancellation. 

These next sections provide details on implementing these suggestions to remedy the 

shortfalls discussed in the preceding section of this report and improve the realism and 

utility of EAC information.   

1. Use Probabilistic CEACs in Official Reporting  

Chapter II describes the process for creating the CEAC—an annual probabilistic 

EAC that contains associated risk of overrun along with the estimate. This thesis suggests 

using the results of the CEAC to officially report EAC values that correspond to a 90% 

likelihood of overrun, a 50% likelihood of overrun, and a 10% likelihood of overrun 

obtained from the CEAC S-curve like the notional example that is presented in Figure 13. 

                                                 
21 WSARA also requires disclosure of confidence level for baseline estimates for MDAPs, the 

rationale for selecting such confidence level, and justification if the level chosen is less than 80%  (U.S. 
Congress 2009). 



 78 

  
Figure 13.  Probabilistic EACs with corresponding risk levels. 

The valuable CEAC information is already available, so it is reasonable to include 

it in reports to Congress and senior level DoD decision makers. To standardize MDAPs’ 

EAC reporting, DoD could add language to the DFAR governing EV and the EVMIG 

that requires contractors and programs to use a certain level of risk in their reporting for 

each EAC in the SAR. The benefit of this additional information is that Congress would 

now have a range of probabilistically determined EACs with associated levels of overrun 

risk instead of having only the “most likely” PM EAC and Contractor EAC to make cost 

growth assessments within programs and comparisons between programs. While this 

suggestion is not a major change, it would improve the quality of information provided to 

Congress in the SARs. 

2. Vargas EAC as Program Management Assessment Tool  

One of the shortfalls of the CEAC is that it is only produced annually and cannot 

provide program managers with current information based on the contract’s monthly 

performance. Ricardo Vargas (2009) has proposed using the cost uncertainty analysis 
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process to provide probabilistic EAC updates that contain overrun risk based on the 

monthly contractor reports. The primary benefits of this method are: (1) it provides 

monthly probabilistic estimates that can replace the deterministic estimates in the 

monthly DAES report, (2) it helps alleviate the ambiguity associated with the use of 

different performance indices, and (3) it provides the program manager with monthly 

probabilistic information that can be used as an assessment tool to monitor cost growth.  

The novelty of Vargas’ approach is its simplicity in applying existing monthly EV 

data in the CPRs to establish the parameters of the triangular distributions for the cost of 

each element; there is no need to go through the extensive process of establishing a 

distribution for each cost account as was done in the initial cost estimate or in the annual 

CEAC. A brief summary of the method is valuable to understanding its simplicity and 

usefulness. Recall from Chapter II that EACs can be calculated using numerous indices to 

forecast the cost of authorized work remaining. Vargas suggests that the three main 

performance indices used for deterministic EAC projections— constant (equal to 1), CPI, 

and SCI— be used as the parameters for a triangular distribution for each element’s EAC. 

Use of the constant index, the CPI, and the SCI results in three different deterministic 

values for EAC—the best case, the most likely case, and the worst case, respectively. 

Furthermore, he proposes substituting these EACs for the minimum, most likely, and 

maximum values of the triangular distribution of the respective cost element as illustrated 

in Figure 14.    
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Figure 14.  Triangular probability density function for WBS element EAC (from Vargas 

2009).  

The distributions are then used in a Monte Carlo simulation that sums the 

individual task’s probabilistic EACs over repeated trials to generate a cumulative 

distribution function (CDF) (similar to the methodology used to calculate the CEAC 

detailed in Chapter II). Figure 15 shows the CDF or S-curve that would result for a 

hypothetical program.   
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Figure 15.  Cumulative density function for total EAC at 80% level of certainty. 

The CDF (or S-curve) in Figure 15 shows the range of possible values for the 

total system cost, in this case $55,996 to $95,996. From the S-curve the program manager 

can easily determine the risk of exceeding any value between those two numbers. In 

Figure 15 there is an 80% chance that total cost will be less than $78,345 (as indicated by 

the pink line) or alternatively, the risk of exceeding $78,345 is 20%. Thus, the S-curve 

information can be used to determine the risk that the total cost will exceed a given 

budget, or the cost risk of the given budget. 

Once the initial simulation model using the WBS cost elements has been created, 

it can easily be updated on a monthly basis using the EV data reported by the contractor. 

These probabilistic estimates can replace the deterministic estimates in the DAES reports. 

Because this method uses monthly performance data in its EAC calculus, program 

managers could use this CDF to compute the best case, worst case, and most likely EACs 

(like those listed in Table 23) on a monthly basis for inclusion into the DAES reports. 
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Table 23.   EAC with levels of certainty quick reference table. 

The Vargas method helps alleviate the ambiguity associated with the use of 

different performance indices. Since the three indices are accounted for in the underlying 

distributions for all programs, the result facilitates both comparisons within and between 

programs. Moreover, to standardize MDAPs’ EAC reporting in DAES, DoD could add 

language to the DAES governing documents that require contractors and programs to use 

a certain level of risk in their reporting for each EAC.   

These monthly probabilistic estimates provide managers and decision makers 

with the level of certainty of achieving an EAC and the risk of overrunning it. This can be 

a valuable assessment mechanism for a PM to evaluate the estimate received from 

contractors on a monthly basis. If a PM receives an estimate from a contractor that is 

outside of the set upper bound, this discord could be investigated further and remedied if 

necessary. Also, by comparing the current month’s EAC CDF to the previous month’s 

EAC CDF, a PM could assess the changes in risk level between the two months. A 

notional example using Figure 16 will help illustrate this use.  
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Figure 16.  Comparison of monthly probabilistic EACs. 

In Figure 16, the EAC at 80% level of certainty for month 1 is $78,344. In month 

2, the PM would run the model with month 2’s performance indices and determine the 

corresponding level of certainty associated with EAC = $78,344. In this case, the PM 

would learn that the level of certainty decreases from 80% to 70%, and thus the 

corresponding risk in the estimate has increased from 20% to 30%. This information 

provides the PM with a general sense of the cost risk trends from month to month based 

on the EV performance indices. Instead of best and worst case point estimate EACs 

alone, the PM now has a probabilistic model that provides EACs with associated levels of 

risk.  

Vargas’ probabilistic model makes use of the existing EV data and provides PMs 

with higher quality information. It allows the benefits of the cost analysis process to be 

continued throughout the life of the contract using EV data only. While the Vargas model 

may not achieve the same level of accuracy of the CEAC (because the Vargas model is 
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limited to triangular distributions which may not correctly reflect the uncertainty 

associated with individual WBS cost elements), it offers a low cost and quick way of 

establishing a probabilistic estimate and improves the quality of information available to 

program managers. Moreover, all programs using EVM could subscribe to this method 

easily without unnecessarily burdening or restricting program management teams 

because the information is already available. The only additional investment would be the 

time to create the model. 

Using cost uncertainty analysis methods, cost estimators can state with confidence 

the likelihood of exceeding their initial estimate (Garvey 2000). In a similar way, both the 

CEAC and Vargas methods provide the same risk information as the initial cost estimate. 

This thesis suggests using more of the probabilistic EAC output from these models in 

formal reporting and as an assessment mechanism. This will resolve ambiguity associated 

with deterministic estimates, help program managers and decision makers assess the 

uncertainty in the estimate, and help quantify the cost risk associated with the contract. 

Additionally, by standardizing the levels of certainty associated with best case, worst 

case, and most likely in EAC formal reporting, the DoD will improve its ability to make 

comparisons within and across programs. Congress and DoD officials would be better 

equipped to assess the risks of exceeding the estimate as well—an additional piece of the 

cost picture unavailable to them in the currently required reports. Overall, these small 

changes improve the quality of the information to the program manager and decision 

makers and require little additional investment to implement. 

3. Improved Probit Model Using Probabilistic EAC to Forecast 
Likelihood of Program Cancellation  

The probit models developed in Chapter IV were predicated on two EV variables 

to forecast the likelihood of cancellation: program manager’s and contractor’s EAC 

growth at 25%. The preceding sections of this chapter have shown how to improve the 

quality of the EAC from a deterministic estimate to a probabilistic one with associated 

levels of certainty. These probabilistic estimates at a chosen level of certainty can easily 

be used to measure cost growth in the same way the deterministic estimates were used. 

This thesis now suggests giving the program manager and decision maker an additional 
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tool using these probabilistic EACs in the probit model to forecast likelihood of program 

cancellation. Figure 17 shows how the probabilistic EACs transformed into cost growth 

from two completion points of the contract can be plotted on the probit model to forecast 

the likelihood of cancellation.  

 
Figure 17.  Probit model with probabilistic cost growth. 

For example, using the values in Table 23, say a program manager is interested in 

the likelihood of cancellation and wants to be 80–90% certain of the forecast. The PM 

would take the associated EACs for these two levels of certainty and calculate the cost 

growth using the EACs from the last reporting period of the same level of certainty (as 

was demonstrated in Chapter III of this thesis). Hypothetically, the PM may calculate 

EAC growth of 38% and 42% respectively. Then, the PM would plot the EAC growths 

on the x-axis, go up to the probit S-curve and then over to the y-axis to learn that the 

program has between a 78–80% likelihood of being cancelled. This tool can be used 
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quickly and cheaply as a forecasting tool by senior DoD officials and program managers 

to better understand the likelihood of cancellation due to early cost growth in a program.   

D. SUMMARY 

This thesis suggests that higher early cost growth in the form of contractor’s and 

program manager’s estimates at completion indicates a greater likelihood of program 

cancellation. The importance of the EAC led to a study on how to improve the use of 

probabilistic EACs in current reporting so that they are more valuable to program 

managers and decision makers. This study also recommends using the probabilistic EAC 

with this thesis’ probit model to forecast the likelihood of cancellation. 
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VII. CONCLUSION 

A. SUMMARY 

The primary objectives of this thesis were two-fold: (1) to investigate whether 

there are differences in the key earned value metrics of cancelled and troubled non-

cancelled programs, including the effect that resetting variances may have on program 

survival, and (2) to develop a model that captures the probability of cancellation based on 

earned value information. The analysis indicates that of the troubled programs sampled, 

cancelled programs do not have a lower or more unfavorable cost variance percentage or 

schedule variance percentage than troubled non-cancelled programs. Furthermore, the 

results suggest that cancelled programs do not have greater disparity in their contractor 

and program manager’s estimates at completion, nor do they have greater cost and 

schedule variance reset frequencies. The Mann Whitney testing does suggest, however, 

that the cancelled programs have higher total cost growth over the life of the contract 

based on contractor EAC and program manager EAC. Probit modeling confirmed that 

cost growth at the 25% completion point for both the contractor and program manager 

EAC was greater for cancelled programs. Taken together, these results suggest that there 

is reasonably strong evidence that early cost growth is an indicator of program 

cancellation. A probit model captured the likelihood of program cancellation based on the 

EAC at the 25% completion point. These findings confirmed the importance of 

controlling cost growth early in a program.   

The DoD has acknowledged that EVM is one of industry’s and DoD’s most 

powerful program management tools and it has recommitted itself to improving EVM 

implementation in MDAPs (Under Secretary of Defense for Acquisition, Technology and 

Logistics 2011). In fact, the DoD has recently demonstrated in April 2013 its seriousness 

and commitment to EVM by withholding 5% ($130M) of progress payments to a defense 

contractor over flaws in their earned value management system (Capaccio 2013). This 

study’s findings and recommendations can help achieve EVM’s overarching goal of 

transforming data into useful information for decision makers and support the DoD’s 

initiative to improve the effectiveness of EVM. The recommendations of this thesis are, 
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(1) focused on the strongest finding of this report that cost growth in terms of EAC is an 

indicator of program cancellation, and (2) predicated upon the notion that probabilistic 

estimates that contain cost overrun risk information offer higher quality information and 

are more useful to decision makers (U.S. Government Accountability Office 2009). First, 

there should be more uncertainty information available in the annual Comprehensive 

Estimate at Completion in the SAR reporting of MDAPs. The benefit of this additional 

information is that Congress would now have a range of probabilistically determined 

EACs with associated levels of overrun risk to make cost growth assessments within 

programs and comparisons between programs. Second, consider using the Vargas 

probabilistic approach to calculating estimates throughout the life of the contract. This 

approach offers systems engineers and program managers additional insight into cost 

trends and overrun risk by providing monthly estimate and risk of overrun information 

with little additional effort required to construct the model. Third, consider using probit 

modeling to better understand the impacts of early cost overruns on the likelihood of 

program cancellation. The DoD has established PARCA to ensure that EV data is 

accurate, reliable, and timely, and that EVM is implemented in a disciplined manner 

(Under Secretary of Defense for Acquisition, Technology and Logistics 2011). The above 

recommendations help PARCA in their endeavor to achieve these standards. All of these 

recommendations improve the quality and realism of EV information presented to 

systems engineers, program managers, DoD officials and Congress and afford better 

management, budgeting, and cancellation decision making from a cost growth 

perspective.   

B. AREAS FOR FURTHER RESEARCH 

This research used a relatively small data set in its analysis. Future studies could 

increase the number of cancelled and non-cancelled programs and explore additional 

EVM performance metrics resulting in potentially richer analysis, new and stronger 

findings and higher fidelity probit models capable of better forecasting the likelihood of 

program cancellation. In addition to opening the data aperture, some of the variables 

explored in this research could be approached from different angles. This research found 

that cancelled programs did not have more cost or schedule variance resets than their 
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non-cancelled counterparts. Further analysis could examine the size and timing of these 

resets and their relationship to program cancellation using survival analysis. This study 

also found that the difference between contractor EAC and program manager EAC was 

not an indicator of program cancellation. The relatively low p-value associated with this 

finding, however, suggests an area for further investigation of this potential 

discriminating variable. Lastly, additional study comparing the probabilistic EAC results 

obtained using the Vargas method with actual contract data would assess the accuracy of 

the model and determine its value to program management.  
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APPENDIX A. MANN WHITNEY TEST RESULTS 

This appendix contains the statistical results of the Mann Whitney tests that were 

conducted. 

A Mann Whitney test (alpha = 0.10) tested the null hypothesis, 0 C NC: m  = mH  

that the median CV% for cancelled and non-cancelled programs are equal. The 

alternative hypothesis is that the median CV% for cancelled programs is less (i.e., more 

negative and thus more unfavorable) than the median cost variance percentage of non-

cancelled programs, C NC: m  < mAH . Figure 18 contains the Mann Whitney test results. 

 
Figure 18.  Mann Whitney test for cost variance. 

The null hypothesis for this test is that the median CV% for cancelled and non-

cancelled programs are equal, 0 C NC: m  = mH . The alternative hypothesis is that the 

median CV% for the non-cancelled programs is less (more negative) than the median 

CV% for the cancelled programs, NC C: m  < mAH . Figure 19 contains the Mann Whitney 

test results. 
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Figure 19.  Second Mann Whitney test for cost variance. 

The null hypothesis for this test is that the median CV% at the 25% contract 

completion point for cancelled and non-cancelled programs is equal, 0 C NC: m  = mH . The 

alternative hypothesis is that the median CV% at the 25% completion point for cancelled 

programs is less (i.e., more negative) than the median CV% at the 25% completion point 

for non-cancelled programs,  C NC: m  < mAH . Figure 20 contains the test results.  

 
Figure 20.  Mann Whitney test for CV% at 25% contract completion point. 

The null hypothesis for this test is that the median CV% at the 50% contract 

completion point for cancelled and non-cancelled programs is equal, 0 C NC: m  = mH . The 

alternative hypothesis is that the median CV% at the 50% completion point for cancelled 

programs is less (i.e., more negative) than the median CV% at the 50% completion point 

for non-cancelled programs,  C NC: m  < mAH . Figure 21 contains the results. 
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Figure 21.  Mann Whitney test for CV% at 50% contract completion point. 

The null hypothesis for this test is that the median CV% at the 50% contract 

completion point for cancelled and non-cancelled programs is equal, 0 C NC: m  = mH . The 

alternative hypothesis is that the median CV% at the 50% completion point for non-

cancelled programs is less (i.e., more negative) than the median CV% at the 50% 

completion point for cancelled programs,  NC C: m  < mAH . Figure 22 contains the results 

of this test.  

 
Figure 22.  Second Mann Whitney test for CV % at 50% contract completion point. 

A Mann Whitney test (alpha = 0.10) tested the null hypothesis, 0 C NC: m  = mH , 

that the median SV% for cancelled and non-cancelled programs are equal. The alternative 

hypothesis is that the median SV% for cancelled programs is less than (i.e., more 
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negative and thus more unfavorable) than the median SV% of non-cancelled programs, 

C NC: m  < mAH . Figure 23 contains the Mann Whitney test results. 

 
Figure 23.  Mann Whitney test for schedule variance. 

A Mann Whitney test (alpha = 0.10) tested the null hypothesis, 0 C NC: m  = mH , 

that the median SV% for cancelled and non-cancelled programs are equal. The alternative 

hypothesis is that the median SV% for non-cancelled programs is less than (i.e., more 

negative and thus more unfavorable) than the median SV% of cancelled programs, 

C NC: m  < mAH . Figure 24 contains the Mann Whitney test results. 

 
Figure 24.  Second Mann Whitney test for schedule variance. 
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A Mann Whitney test (alpha = 0.10) tested the null hypothesis, 0 C NC: m  = mH , 

that the median SV% at the 25% completion point for cancelled and non-cancelled 

programs are equal. The alternative hypothesis is that the median SV% for cancelled 

programs at the 25% completion point is less than (i.e., more negative and thus more 

unfavorable) than the median SV% of non-cancelled programs, C NC: m  < mAH . The 

results of this test are found in Figure 25. 

 
Figure 25.  Mann Whitney test for SV% at 25% contract completion point. 

The average of the SV% within +/- 5% of 50% completion point was computed 

and used for the schedule variance percentage of each program.   A Mann Whitney test 

(alpha = 0.10) tested the null hypothesis, 0 C NC: m  = mH , that the median SV% at the 

50% completion point for cancelled and non-cancelled programs are equal. The 

alternative hypothesis is that the median SV% for cancelled programs at the 50% 

completion point is less than (i.e., more negative and thus more unfavorable) than the 

median SV% of non-cancelled programs, C NC: m  < mAH . The results of this test are 

found in Figure 26. 



 96 

 
Figure 26.  Mann Whitney test for SV% at 50% contract completion point. 

A Mann Whitney test (alpha = 0.10) tested the null hypothesis, 0 C NC: m  = mH , 

that the median total growth of the program manager’s EAC for cancelled and non-

cancelled programs is equal. The alternative hypothesis is that the median total growth of 

the program manager’s EAC for cancelled programs is greater than those of non-

cancelled programs, C NC: m  > mAH . Figure 27 contains the Mann Whitney test results. 

 
Figure 27.  Mann Whitney test for median total growth of program manager’s EAC. 

The null hypothesis for the first test is that the median cumulative cost growth at 

the 25% contract completion point for cancelled and non-cancelled programs is equal, 

0 C NC: m  = mH . The alternative hypothesis is that the median cumulative cost growth at 

the 25% completion point is greater for cancelled programs than for non-cancelled 

programs, C NC: m  > mAH . Figure 28 contains the test results.  
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Figure 28.  Mann Whitney test for cumulative cost growth (program manager’s estimate 

at completion) at 25% contract completion point. 

A Mann Whitney test with alpha = 0.10 was utilized to determine whether a 

difference in the samples’ cumulative cost growth at contract completion percentage of 

50% existed between the sampled cancelled and non-cancelled programs. The null 

hypothesis for this test is that the median cumulative cost growth at the 50% contract 

completion point for cancelled and non-cancelled programs is equal, 0 C NC: m  = mH . The 

alternative hypothesis is that the median cumulative cost growth at the 50% completion 

point is greater for cancelled programs than for non-cancelled programs, C NC:  > mAH m . 

Figure 29 contains the test results. 

 
Figure 29.  Mann Whitney test for cumulative cost growth (program manager’s estimate 

at completion) at 50% contract completion point. 

The null hypothesis can be rejected at the 10% level of significance, since the p-

value = 0.0822 is less than 0.10. 
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A Mann Whitney test (alpha = 0.10) tested the null hypothesis, 0 C NC: m  = mH , 

that the median total growth of the contractor’s EAC for cancelled and non-cancelled 

programs is equal. The alternative hypothesis is that the median total growth of the 

contractor’s EAC for cancelled programs is greater than those of non-cancelled programs, 

C NC: m  > mAH . Figure 30 contains the Mann Whitney test results. 

 
Figure 30.  Mann Whitney test for median total growth of contractor’s estimate at 

completion. 

The null hypothesis can be rejected at the 10% level of significance, since the p-

value = 0.0639 is less than alpha = 0.10. 

A Mann Whitney test with alpha = 0.10 was used to determine whether a 

difference in the samples’ cumulative cost growth at contract completion levels of 25% 

and 50% (again, there was not enough data available at the 75% completion point for 

sufficient analysis) existed between the sampled cancelled and non-cancelled programs. 

The null hypothesis for the first test is that the median cumulative cost growth at the 25% 

contract completion point for cancelled and non-cancelled programs is equal, 

0 C NC: m  = mH . The alternative hypothesis is that the median cumulative cost growth at 

the 25% completion point for cancelled programs is greater than the median cumulative 

cost growth at the 25% completion point for non-cancelled programs, C NC: m  > mAH . 

Figure 31 contains the Mann Whitney test results.  
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Figure 31.  Mann Whitney test for cumulative cost growth (contractor’s EAC) at 25% 

contract completion point. 

The null hypothesis can be rejected at the 10% level of significance, since the p-

value = 0.0533 is less than alpha = 0.10. 

The null hypothesis for this test is that the median cumulative cost growth at the 

50% contract completion point for cancelled and non-cancelled programs is equal, 

0 C NC: m  = mH . The alternative hypothesis is that the median cumulative cost growth at 

the 50% completion point for cancelled programs is greater than the median cumulative 

cost growth at the 50% completion point for non-cancelled programs, C NC: μ  > μAH . 

Figure 32 contains the test results.  

 
Figure 32.  Mann Whitney test for cumulative cost growth (contractor’s EAC) at 50% 

contract completion point. 

The null hypothesis can be rejected at the 10% level of significance, since the p-

value = 0.0241 is less than alpha = 0.10.   
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A Mann Whitney test (alpha = 0.10) tested the null hypothesis, 0 C NC: m  = mH , 

that the median EAC difference (between contractor and program manager estimates) for 

cancelled and non-cancelled programs is equal. The alternative hypothesis is that the 

median EAC difference for cancelled programs is greater than the median EAC 

difference of non-cancelled programs, C NC: m  > mAH . Figure 33 contains the Mann 

Whitney test results. 

 
Figure 33.  Mann Whitney test for estimate at completion difference. 

A second test was conducted to see if non-cancelled EAC difference was worse 

than cancelled EAC difference and the results appear in Figure 34.   

 
Figure 34.  Second Mann Whitney test for estimate at completion difference. 
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Since the p-value of 0.2816 greatly exceeds the alpha = 0.10, the null hypothesis 

can not be rejected in this case either.   

To further investigate the effect of cost variance resets, a Mann Whitney test 

(alpha = 0.10) tested the null hypothesis, 0 C NC: m  = mH , that the median cost variance 

reset frequencies for cancelled and non-cancelled programs are equal. The alternative 

hypothesis is that the median cost variance reset frequencies for cancelled programs is 

greater than those of non-cancelled programs, C NC: m  > mAH . The purpose of this test is 

to investigate whether cancelled programs have a greater frequency of cost variance 

resets than non-cancelled programs. If this is the case, it may be a leading indicator to 

predict cancellation. The results contained in Figure 35 revealed a p-value of 0.2474 for 

cost variance resets and therefore not enough evidence exists in the data to reject the null 

hypothesis.   

 
Figure 35.  Mann Whitney test for cost variance reset frequency. 

A similar Mann Whitney test was conducted comparing the frequency of schedule 

variance resets. The test results are contained in Figure 36. 
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Figure 36.  Mann Whitney test for schedule variance frequency. 

The resulting p-value of 0.4582 indicates that there is little evidence to reject the 

null hypothesis. 
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APPENDIX B. PROBIT RESULTS 

Appendix B contains the results of the individual probit regression tests. 

 
Table 24.   Probit results with Crusader (part 1). 

 
Table 25.   Probit results with Crusader (part 2). 
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Table 26.   Probit results without Crusader (part 1). 

 

 
Table 27.   Probit results without Crusader (part 2). 
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